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Abstract— Sparse representation has achieved great success in
various image processing and computer vision tasks. For image
processing, typical patch-based sparse representation (PSR) mod-
els usually tend to generate undesirable visual artifacts, while
group-based sparse representation (GSR) models lean to produce
over-smooth effects. In this paper, we propose a new sparse
representation model, termed joint patch-group based sparse
representation (JPG-SR). Compared with existing sparse rep-
resentation models, the proposed JPG-SR provides an effective
mechanism to integrate the local sparsity and nonlocal self-
similarity of images. We then apply the proposed JPG-SR to
image restoration tasks, including image inpainting and image
deblocking. An iterative algorithm based on the alternating
direction method of multipliers (ADMM) framework is developed
to solve the proposed JPG-SR based image restoration problems.
Experimental results demonstrate that the proposed JPG-SR is
effective and outperforms many state-of-the-art methods in both
objective and perceptual quality.

Index Terms— Sparse representation, JPG-SR, nonlocal self-
similarity, image restoration, ADMM.

I. INTRODUCTION

AS A popular technique in image processing, sparse repre-
sentation has attracted significant interests of researchers

[1]–[14]. It is usually classified into two categories: analysis
sparse representation model [3], [7], [8] and synthesis sparse
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representation model [1], [2], [5], [6]. Analysis sparse repre-
sentation model represents a signal by multiplying it with an
analysis over-complete dictionary, leading to a sparse effect
[15]. In this work, we focus on synthesis sparse representation
model. Generally speaking, methods of synthesis sparse rep-
resentation in image processing can be further classified into
two categories: patch-based sparse representation (PSR) [1],
[2] and group-based sparse representation (GSR) [5], [6], [11],
[16]. PSR assumes that each patch of an image can be perfectly
modeled by a sparse linear combination of learnable basis
elements. These elements, called atoms, compose a dictionary
[2], [17]. The dictionary is usually learned from an image
or an image dataset. Compared with traditionally analytic
dictionaries, such as discrete cosine transform (DCT), wavelet
and curvelet, dictionaries learned directly from images are
superior to adapt to image local structures, and thus could
improve the sparsity which results in better performance.
For instance, the seminal work of KSVD dictionary learning
method [2] has not only achieved promising denoising result,
but also been extended to various image processing and
computer vision tasks [18], [19]. However, it has been shown
that the PSR with an over-complete dictionary usually tends
to generate undesirable visual artifacts in image restoration
[20], [21]. Moreover, the PSR model usually ignores the
correlation among similar patches [6], [10], [11] and thus leads
to degraded results in general.

Inspired by the success of the nonlocal self-similarity (NSS)
prior in images [22], [23], instead of using a single patch
as the basic unit in sparse representation, recent advances in
GSR consider similar patch group as the basic unit, while
similar to PSR, it can be sparsely represented by a set of
sparse codes in the group domain, i.e., each patch group can
also be precisely represented by a sparse linear combination
of basis elements of the dictionary [5], [6]. The GSR models
have demonstrated great potential in various image restoration
tasks [5], [6], [10], [23], [24]. For example, Dabov et al. [23]
proposed the BM3D method to combine NSS prior with
transform domain filtering, which is still one of the state-
of-the-art denoising methods. Mairal et al. [5] proposed the
learned simultaneous sparse coding (LSSC) to improve the
restoration performance of KSVD [2] via GSR. LPG-PCA
[24] utilized the nonlocal similar patches as data samples
to estimate statistical parameters based on PCA training.
Zhang et al. [6] proposed a group-based sparse representation
model for image restoration. Dong et al. [10] developed the
structured sparse coding with gaussian scale mixture prior
for image restoration. Though GSR models have shown great
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success in various image restoration tasks, the processed
images apt to suffer the over-smooth effects [25].

Bearing the above concerns in mind, we aim to address the
following questions in this paper.

1) Is it possible to mitigate the drawbacks of the PSR and
GSR models?

2) Is it possible to build a joint model to integrate the
PSR and GSR models? If yes, can we solve the model
effectively and efficiently?

We answer these questions by developing a new sparse
representation model, dubbed joint patch-group based sparse
representation (JPG-SR). Compared with previous sparse rep-
resentation models, the proposed JPG-SR is capable of inte-
grating the local sparsity with NSS of the image. To make
the optimization tractable, we develop an iterative algo-
rithm based on the alternating direction method of multipli-
ers (ADMM) framework to solve the proposed optimization
problem. Through applying the proposed JPG-SR model to
image restoration tasks, including image inpainting and image
deblocking, we demonstrate that the JPG-SR not only retains
the advantages of the PSR and GSR models, but also alleviates
their drawbacks, respectively. Extensive experimental results
demonstrate that the proposed JPG-SR outperforms several
state-of-the-art image restoration methods both quantitatively
and qualitatively.

The remainder of this paper is organized as follows.
Section II introduces the related works about sparse repre-
sentation. Section III introduces our new sparse representa-
tion model, i.e., the JPG-SR model. Section IV develops an
optimization method to solve the proposed JPG-SR model for
image restoration tasks. Section V presents the experimen-
tal results. Finally, several concluding remarks are given in
Section VI. The preliminary work has appeared in [4].1

II. BACKGROUND

A. Patch-Based Sparse Representation

Following the notations in [1], the basic unit of sparse
representation for images is patch. Mathematically, given
an (vectorized) image x ∈ R

N , let xi = Ri x,∀i = 1, 2, . . . n,
denote an (vectorized) image patch of size

√
b×√

b extracted
from location i . Given a dictionary D ∈ R

b×M , b ≤ M ,
the sparse representation of each patch xi is to find a sparse
vector where most coefficients are zero. Specifically, each
patch xi can be sparsely represented as xi ≈ Dα∗

i by solving
the following �0-norm minimization problem,

α̂
∗
i = arg min

α∗
i

�
1

2

��xi − Dα∗
i

��2
2 + λ

��α∗
i

��
0

�
∀i , (1)

where � �2 denotes �2-norm and λ is a regularization para-
meter. � �0 signifies the �0-norm (quasi-norm), i.e., counting
the nonzero entries in α∗

i . In this manner, the entire image x

1Significant changes have been made compared to our previous work in
[4]. Specifically, different from our previous work, the model in [4] has only
solved by an average of PSR and GSR models, the proposed JPG-SR model
in this paper is solved by an integral way. We have added the quantization
noise model, quantization constraint prior and the adaptive parameter setting
for image deblocking in Sec. IV-C. Moreover, extensive experiments have
been added to demonstrate the superiority, robustness and convergence of the
proposed JPG-SR model in Sec. V.

can be sparsely represented by a set of sparse codes {α∗
i }n

i=1.
Concatenating n patches, let X = [x1, . . . , xn] ∈ R

b×n denote
all the patches extracted from the image. Since D is shared
across these patches, we have

α̂
∗ = arg min

α∗

�
1

2

��X − Dα∗��2
F + λ

��α∗��
0

�
, (2)

where � �F denotes the Frobenius norm, α∗ = [α∗
1, . . . ,α

∗
n] ∈

R
M×n is the sparse coefficient matrix, and the �0-norm is

imposed on each column of α∗ (corresponding to each patch).

B. Group-Based Sparse Representation

Instead of using a single patch as the basic unit in sparse
representation, recent studies have shown that GSR using patch
groups can produce more promising results for various image
processing tasks than typical PSR models [5], [6], [10], [11].
Hereby, we briefly introduce the GSR model.

To be concrete, image x is firstly divided into n overlapped
patches xi of size

√
b × √

b, i = 1, 2, . . . , n. Then, different
from PSR, for each exemplar patch xi , the most similar m
patches (e.g., by the K-Nearest Neighbour (KNN) method
[26]) are selected from a W × W sized searching window
to form a set SGi . Following this, all patches in SGi are
stacked into a matrix XGi ∈ R

b×m , which contains every patch
in SGi as its column, i.e., XGi = {xi,1, xi,2, . . . , xi,m }. This
matrix XGi consisting of all patches with similar structures
is thus called a patch group, where xi, j denote the j -th
patch (column) in the i -th patch group. Finally, similar to PSR,
given a dictionary DGi ∈ R

b×K , each patch group XGi can be
sparsely represented by solving

β̂
∗
Gi

= arg min
β∗

Gi

�
1

2
�XGi − DGi β

∗
Gi

�2
F + λ�β∗

Gi
�0

�
∀i , (3)

where β∗
Gi

represents the group sparse coefficient of each
patch group XGi , and � �0 signifies the �0-norm, i.e., counting
the nonzero entries of each column in β∗

Gi
. In order to put all

patch groups in one shot, let Qi ∈ R
n×m denote the searching

and extracting operations of the similar patches for the i -
th patch, i.e., XGi = XQi . Concatenating n patch groups,
we have

XG = X[Q1, . . . , Qn] = XQ ∈ R
b×(mn). (4)

Due to the fact that each patch group has its own dictionary
and the dictionaries are not necessarily shared, let

DG = [DG1, . . . , DGn ] ∈ R
b×(nK ), (5)

β̄
∗
G = [β̄∗

G1
, . . . , β̄

∗
Gn

] ∈ R
(nK )×(mn), (6)

where {β̄∗
Gi

}n
i=1 ∈ R

nK×m is an expanded (longer with more
rows) version of β∗

Gi
∈ R

K×m , with β∗
Gi

in the corresponding
locations (from ((i −1)K +1)-th row to (i K )-th row) but zeros
elsewhere, i.e., corresponding to DGi in DG . The problem to
be solved now becomes

ˆ̄β∗
G = arg min

β̄
∗
G

�
1

2
�XG − DG β̄

∗
G�2

F + λ�β̄∗
G�0

�
, (7)

where the �0-norm is again imposed on each column and this
holds true for the following derivations in this paper. It is worth
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noting that both X in PSR and XG in GSR are constructed
from the same original image x.

III. JOINT PATCH-GROUP BASED SPARSE

REPRESENTATION MODEL

As mentioned before, the PSR model usually generates
some undesirable visual artifacts, while GSR may lead to over-
smooth effect in various image processing tasks. To cope with
these problems, instead of using Eq. (2) or Eq. (7) individually,
we propose a joint patch-group based sparse representation
(JPG-SR) model in this section.

A. A Joint Model by Minimizing the Lower Bound

We first introduce some preliminary transformations to link
the PSR model in Eq. (2) with the GSR model in Eq. (7).
Recall that each patch (column) in the patch group XG is from
X and it can be sparsely represented by Eq. (2). Therefore,
in addition to the sparse representation in Eq. (7), we can also
have

XG = Dα∗
G , (8)

where α∗
G ∈ R

M×(mn) is composed of the corresponding
columns in α∗; in other words, α∗

G is an expanded version of
α∗ in Eq. (2), where each column is reproduced by m times
according to the patch searching in XG . In this case, similar
to Eq. (1), α∗

G is solved by

α̂
∗
G = arg min

α∗
G

�
1

2

��XG − Dα∗
G

��2
F + λ

��α∗
G

��
0

�
. (9)

Comparing Eq. (7) with Eq. (9), we can see that both Dα∗
G

and DG β̄
∗
G are approximations of XG . We can write the model

jointly as

{α̂∗
G , ˆ̄β∗

G} = arg min
α∗

G ,β̄
∗
G

�
1

2

��XG − Dα∗
G

��2
F + λ

��α∗
G

��
0

+ 1

2
�XG − DG β̄

∗
G�2

F + ρ�β̄∗
G�0

�
, (10)

where ρ is now playing the same role of λ in Eq. (7).
Though the model in Eq. (10) can be solved by a sim-

ple average of PSR and GSR models [4], α∗
G and β̄

∗
G are

decoupled. In other words, this model may not faithfully
integrate the local sparsity and nonlocal self-similarity of
images. Therefore, we hereby employ the triangular inequality
(a + b)2 ≥ a2 + b2 given a ≥ 0, b ≥ 0 and thus
mina,b (a + b)2 = mina,b(a2 + b2). Instead of minimizing the
right-hand side of Eq. (10), we minimize

{α̂∗
G , ˆ̄β∗

G} = arg min
α∗

G ,β̄
∗
G

�
1

2

���XG − Dα∗
G + XG − DG β̄

∗
G

���2

F

+ λ
��α∗

G

��
0 + ρ�β̄∗

G�0

�
. (11)

= arg min
α∗

G ,β̄
∗
G

⎛
⎝2

�����XG − D
α∗

G

2
− DG

β̄
∗
G

2

�����
2

F

+ λ
��α∗

G

��
0 + ρ�β̄∗

G�0

⎞
⎠ . (12)

The minimization in Eq. (12) can be seen as minimizing the
upper bound of Eq. (10). Since a scalar does not change the
minimization, we propose the joint model below via defining

αG = α∗
G
2 and β̄G = β̄

∗
G
2 .

Following the above definitions, we propose the JPG-SR
model to solve

Ĉ = arg min
C

1

2
�XG − UC�2

F + τ�αG�0 + ϕ�β̄G�0,

U = [D DG ] , C =
	

αG

β̄G



, (13)

where τ = λ
2 and ϕ = ρ

2 are the regularization parameters,
balancing the two sparsity inducing penalties (�αG�0 and
�β̄G�0) and the fidelity term, i.e., 1

2�XG − UC�2
F . �αG�0

corresponds to the patch sparsity prior to retain the image local
consistency, reducing the over-smooth effect, while �β̄G�0 is
associated with group sparsity prior to keep image nonlocal
consistency, suppressing undesirable visual artifacts. In this
way, the proposed JPG-SR provides an effective way to
integrate the local sparsity and non-local similarities. Here we
add the scalar 1

2 in the fidelity term to make the optimization
convenient. In our experiments, we notice that this joint
estimation plays a pivot role in the performance improvement
and shows good convergence behaviors (details in Section V).

In Eq. (13), after C is estimated, we can obtain XG .
Following this, the original image x can be recovered by
aggregating the patches. It is worth noting that the desired
signal XG is only updated when both the patch sparsity prior
(αG ) and the group sparsity prior (β̄G ) are available and
therefore our model is a joint mechanism.

IV. JOINT PATCH-GROUP BASED SPARSE

REPRESENTATION FOR IMAGE RESTORATION

We now apply the proposed JPG-SR model to different
image restoration tasks, including image inpainting and image
deblocking.

A. Image Restoration

The goal of image restoration is to reconstruct a high quality
image x from its degraded observation y, which is a typical ill-
posed inverse problem and can be mathematically expressed as

y = Hx + n, (14)

where H is degradation operator and n is usually assumed to
be a zero-mean white Gaussian noise. With different settings
of H, various image restoration can be derived from Eq. (14),
such as image denoising [23], [27] when H is an identity
matrix, image inpainting [28]–[30] when H is a diagonal
matrix whose diagonal entries are either 1 or 0, keeping or
killing corresponding pixels. In this paper, we mainly focus
on the image inpainting and image deblocking problems. Note
that, we focus on image deblocking for JPEG compression
artifacts reduction [31]–[33], and then image deblocking
is regarded as image denoising problem, where n is the
quantization noise [34], [35], which is depicted by a Gaussian
model [33] in this paper given its simplicity and effectiveness.
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Algorithm 1 The ADMM Algorithm

Given the degraded image y in Eq. (14) and leveraging the
proposed JPG-SR in Eq. (13), we aim to recover the original
image x by solving the following minimization problem,

Ĉ=arg min
C

1

2
�YG − HGUC�2

F +τ�αG�0+ϕ�β̄G�0, (15)

where YG is obtained from y in the same procedure of XG ,
and similarly to HG , which is obtained from H.

B. ADMM Based Algorithm to Solve the Proposed
JPG-SR Model

Since Eq. (15) is a large-scale non-convex optimiza-
tion problem, in order to make the optimization tractable,
we employ the alternating direction method of multipliers
(ADMM) [36], [37] framework, whose underlying principle
is to split the unconstrained minimization problem into dif-
ferent constrained sub-problems. We give a brief introduction
to the ADMM method below by considering a constrained
optimization problem,

min
Z∈RN ,C∈RM

f (Z) + g(C), s.t. Z = UC, (16)

where U ∈ R
M×N and f : R

N → R, g : R
M → R. The basic

ADMM is shown in Algorithm 1, where t denotes the iteration
number.

Now, let us come back to Eq. (15) and invoke ADMM
to solve it. We first translate Eq. (15) into an equivalent
constrained form by introducing an auxiliary variable Z,

Ĉ = arg min
C,Z

1

2
�YG − HGZ�2

F + τ�αG�0 + ϕ�β̄G�0,

s.t. Z = UC. (17)

Through defining f (Z) = 1
2�YG − HGZ�2

F , g(C) =
τ�αG�0 + ϕ�β̄G�0, and employing Line 3 in Algorithm 1,
we have,

Ẑt+1 = arg min
Z

f (Z) + μ

2
�Z − UCt − Jt�2

F

= arg min
Z

1

2
�YG − HGZ�2

F

+ μ

2

����
����Z − [D DG ]

	
αt

G

β̄
t
G



− Jt

����
����
2

F

= arg min
Z

1

2
�YG − HGZ�2

F

+ μ

2
�Z − Dαt

G − DG β̄
t
G − Jt�2

F . (18)

where μ is a balance factor.

Next, invoking Line 4 in Algorithm 1, we have

Ĉt+1 = arg min
C

g(C)+μ

2
�Zt+1 − UC − Jt�2

F

= arg min
αG ,β̄G

τ�αG�0+ϕ�β̄G�0

+ μ

2

����
����Zt+1−[D DG ]

	
αG

β̄G



−Jt

����
����
2

F

= arg min
αG ,β̄G

τ�αG�0 + ϕ�β̄G�0

+ μ

2
�Zt+1−DαG −DG β̄G −Jt�2

F . (19)

Then, we decouple the minimization problem of C in
Eq. (19) with respect to αG and β̄G , and solve them separately,
i.e.,

αt+1
G = arg min

αG
τ�αG�0+ μ

2
�Zt+1−DαG −DG β̄G −Jt�2

F ,

(20)

β̄
t+1
G = arg min

β̄G

ϕ�β̄G�0+ μ

2
�Zt+1−DαG −DG β̄G −Jt�2

F .

(21)

Following this, we update Jt by invoking Line 5 in
Algorithm 1,

Jt+1 = Jt − (Zt+1 − Dαt+1
G − DG β̄

t+1
G ). (22)

In summary, it can be seen that the minimization of Eq. (15)
involves three minimization sub-problems, i.e., Z, αG and β̄G .
Fortunately, there is an efficient solution to each sub-problem,
which will be discussed below. Furthermore, in the image
restoration problem considered in this work, each problem
can be solved patch by patch. Take the i -th patch xi as an
example, yi = Hi xi , where Hi denotes the degraded matrix
in the i -th patch. In the PSR model, recall that αG is an
expanded version of α and we have xi = Dαi . After αi

is solved, we can straightforwardly obtain αG . In the GSR
model, let β̃ i concatenate all the group coefficients including
the i -th patch; we thus have xi = DG β̃ i . In the following,
we consider to solve the problem for each patch or each
patch group and the superscript t is omitted for conciseness.
More specifically, we translate the αG sub-problem to {αi }n

i=1
subproblem, translate the β̄G sub-problem to {βGi

}n
i=1 sub-

problem, and translate the Z sub-problem to {zi }n
i=1 sub-

problem, respectively.
1) Z Sub-Problem : Given αG and β̄G , Z sub-problem in

Eq. (18) for each patch zi , becomes

min
zi

L1(zi ) = min
zi

1

2
�yi − Hi zi�2

2

+ μ

2
�zi − Dαi − DG β̃ i − j i�2

2 ∀i , (23)

This is a quadratic form and it has a closed-form solution,

ẑi =
�

HT
i Hi +μI

−1 �
HT

i yi + μ(Dαi+ DG β̃ i + j i )


∀i,

(24)

where I is an identity matrix with the desired dimensions and
j i is the corresponding elements from J. Note that each zi is
jointly estimated in Eq. (24) using both PSR (αG ) in Eq. (20)
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and GSR (β̄G ) in Eq. (21) in one shot. Therefore, this is
significantly different from the simple average of two results
using PSR and GSR independently in our previous work [4].

2) αG Sub-Problem: Recall that αG is an expanded version
of α, and thus the αG can be solved by the α sub-problem.

According to Eq. (20), for i -th patch, αi sub-problem can
be rewritten as

min
αi

L2(αi ) = min
αi

�
1

2
�Dαi − r i�2

2 + τ

μ
�αi�0

�
∀i , (25)

where r i = zi − DG β̃ i − j i . Obviously, this is a sparse
representation problem, and we hereby directly solve the
constrained form,

min
αi

�αi�0 s.t. �ri − Dαi�2
2 ≤ δ ∀i , (26)

where δ is a small constant, and apparently Eq. (26) can be
efficiently solved by the orthogonal matching pursuit (OMP)
algorithm [38]. For a given problem, OMP constructs a sparse
solution via iteratively building up an approximation, rather
than minimizing an objective function. The vector r i in
Eq. (26) is approximated as a linear combination of a few
columns in D, where the active set of columns to be used is
built column by column, in a greedy fashion. At each iteration
a new column is added to the active set of the column that
best correlates with the current residual. Although OMP is a
heuristic method, in most cases it works marvelously [39].

Moreover, for the dictionary D, at each iteration, we define
R = Z − DG β̄G − J in Eq. (20) as a good approximation
of DαG . Due to its effectiveness and efficiency, the KSVD
algorithm [2] is employed to learn the dictionary D from R
in each iteration.

3) β̄G Sub-Problem : Given Z and αG , according to
Eq. (21), β̄G sub-problem can be rewritten as

min
β̄G

L3(β̄G)=min
β̄G

�
1

2
�DG β̄G − RG�2

F + ϕ

μ
�β̄G�0

�
, (27)

where RG = Z − DαG − J.
Recalling the relationship of β̄G , β̃ and β, for each patch,

we can get the other two after solving any one of them. Now,
instead of considering each patch as in the α sub-problem,
we consider each patch group here. For i -th patch group,
we aim to solve

β̂Gi
=arg min

βGi

�
1

2
�RGi −DGi βGi

�2
F + ϕ

μ
�βGi

�0

�
∀i. (28)

One important issue of solving sub-problem βG is the
selection of the dictionary. To adapt to the local image
structures, instead of learning an over-complete dictionary for
each patch group as in [5], we learn the principle component
analysis (PCA) based sub-dictionary DGi [21] from each patch
group RGi . Due to the orthogonality of the dictionary DGi and
based on the orthogonal invariance, Eq. (28) can be rewritten
as

β̂Gi
= min

βGi

�
1

2
�γ Gi

− βGi
�2

F + ϕ

μ
�βGi

�0

�

= min
β i

�
1

2
�γ i − β i�2

2 + ϕ

μ
�β i�0

�
∀i , (29)

Algorithm 2 Image Restoration Using JPG-SR Model

where RGi = DGi γ Gi
, and {γ i ,β i } denote the vectorization

form of the matrix {γ Gi
,βGi

}, respectively.
We can achieve a closed-form solution of each β i in Eq. (29)

according to the so called hard thresholding [50]:

β̂ i =hard(γ i ,
�

2ϕ/μ)=γ i �1(abs(γ i )−
�

2ϕ/μ) ∀i . (30)

This process is performed across all n patch groups to
achieve βG , which is the final solution for β̄G sub-problem
in Eq. (21).

After solving the above three sub-problems, we summarize
the overall algorithm to solve Eq. (15) in Algorithm 2.

Till now, we have applied the ADMM based algorithm to
solve the proposed JPG-SR model for image restoration in
detail. We exploit the case of image inpainting as an example
and the flowchart of the proposed JPG-SR model is illustrated
in Fig. 1. Note that the PSR (the top row in Fig. 1) and the GSR
(the bottom row in Fig. 1) are fed into an ADMM framework
to recover the image (right part in Fig. 1) in one shot.
Experimental results demonstrate that the proposed model is
effective and outperforms several state-of-the-art approaches
in Section V.

C. Quantization Noise Model

Different from the image inpainting task investigated above,
in image deblocking, the observed JPEG-coded image is
generally modeled as an image corrupted by the quantization
noise,

y = x + e, (31)

where y is the JPEG-coded image with blocking artifacts, x,
e are the original image and quantization noise, respectively.
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Fig. 1. Flowchart of the proposed JPG-SR model for image inpainting. The corrupted image (left) are fed into our JPG-SR model on two paths, i.e., PSR
on top and GSR in the bottom. These two paths are jointly optimized by the proposed ADMM framework producing the finally recovered image (right).

One important issue of image deblocking is how to set the
quantization noise model to describe e. There are many distinct
models about the quantization noise [34], [51], [52], and the
Gaussian model has been extensively used for estimating quan-
tization noise because of its simplicity and effectiveness, which
has also achieved excellent deblocking results [32], [34], [35].
Thus, in this paper, we adopt a Gaussian model to characterize
the quantization noise e in Eq. (31), and specifically the
approach proposed in [34] is utilized to estimate the noise
variance σ 2

e ,

σ 2
e = 0.69 (s̃)1.3, s̃ = 1

9

�3

i, j=1
Mq

[i, j ], (32)

where Mq is the 8 × 8 quantization matrix with quality fac-
tor (QF) of q , s̃ is the mean value of the nine upper-left entries
in Mq , corresponding to lowest-frequency DCT harmonics,
and we utilize Mq

[i, j ] to represent the (i, j)th element in Mq .
It is noticed that the noise variance σ 2

e obtained by Eq. (32)
is only the variance of the hypothetical Gaussian noise, which
determines the level of adaptive smoothing that is able to
reduce compression artifacts generated by the quantization
step with Mq [53]. Moreover, after obtaining the solution of
Z sub-problem, the quantization constraint prior [32], [35] is
imposed to further improve the deblocking performance of the
proposed JPG-SR algorithm (For the details of the quantization
constraint prior, please refer to [35]). To make the proposed
algorithm more accurate and practical, according to [54], in the
t-th iteration, we set the ADMM balance factor μ to

μt = 1

ω (σ 2
s )

t
, (33)

where ω is a scaling factor. One can observe that the estimation
of μt is dependent on the estimation of (σ 2

s )
t . Inspired by [55],

the iterative regularization strategy is exploited to update the
estimation of the noise variance σ s . Specifically, the standard
deviation of noise σ s in the t-th iteration is computed as

(σ s)
t = η

�
σ 2

e − �x̂(t) − y�2
2, (34)

where η is a constant and this scheme has been widely used
in the Gaussian noise variance estimation.

Both τ and ϕ are regularization parameters. In our algo-
rithm, τ is set by using the same setting as in the KSVD
dictionary learning method [1]. For ϕ, inspired by [56], for
each group sparse coefficient γ i , it is set to

ϕ = c 2
√

2σ 2
n

δi + 

, (35)

Fig. 2. Test images in the experiments. Top row: Mickey, Lin, Leaves,
C. Man, Butterfly, F. Print, Haight, Foreman, Nanna, Straw. Middle row:
boat, Barbara, Pentagon, Girls, House, Lake, Elaine, Lena, Couple, Airplane.
Bottom row: Cowboy, Flower, Miss, Starfish, Corn, Penester, Mural, Barbara,
Fence, Plants.

where σ n represents the noise variance. δi denotes the esti-
mated variance of γ i [57], and 
 is a small positive constant.

D. Summary of the Proposed Algorithm

Till to now, we have solved the above three sub-problems
Z, αG and βG . We can achieve an efficient solution by
solving each sub-problem separately, which can ensure the
whole algorithm to be efficient and effective. Meanwhile,
the quantization noise model, the quantization constraint prior
and the adaptive parameter setting of ADMM balance factor
μ have been described in the task of image deblocking.

V. EXPERIMENTAL RESULTS

Extensive experiments are conducted in this section to
verify the performance of the proposed JPG-SR based image
restoration algorithm by two image restoration tasks, namely,
image inpainting and image deblocking. The experimental
test images are shown in Fig. 2. Both PSNR and structural
similarity (SSIM) [58] metrics are used to evaluate the quality
of the reconstructed images. The source codes of all competing
methods are obtained from their original authors. We used
the default parameters in their software packages.2 Due to
the limited space, please enlarge the tables and figures on
the screen for better comparison. Throughout the numerical
experiments, we choose the following stopping criterion of
iteration for the proposed JPG-SR based image restoration
algorithm, i.e.,

�x̂t − x̂t−1�2
2

�x̂t−1�2
2

< ε, (36)

2The authors would like to appreciate the authors of [2], [23], [28],
[33]–[35], [40]–[49], [53], [59]–[63] for providing their source codes or
experimental results.
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Fig. 3. Visual comparison of Starfish by image inpainting with 80% missing pixels. (a) Original image; (b) Degraded image with 80% pixels missing;
(c) SALSA [40] (PSNR = 25.70dB, SSIM = 0.8086); (d) BPFA [28] (PSNR = 26.79dB, SSIM = 0.8379); (e) IPPO [41] (PSNR = 26.30dB, SSIM =
0.8243); (f) ISD-SB [42] (PSNR = 23.00dB, SSIM = 0.7035); (g) JSM [43] (PSNR = 27.07dB, SSIM = 0.8383); (h) Aloha [44] (PSNR = 26.33dB,
SSIM = 0.8217); (i) NGS [45] (PSNR = 26.17dB, SSIM = 0.8272); (j) BKSVD [46] (PSNR = 25.36dB, SSIM = 0.7741); (k) TSLRA [47]
(PSNR = 26.84dB, SSIM = 0.8311); (l) IRCNN [48] (PSNR = 27.02dB, SSIM = 0.8448); (m) IDBP [49] (PSNR = 26.88dB, SSIM = 0.8316); (n) JPG-SR
(PSNR = 27.86dB, SSIM = 0.8625).

where ε is a small constant. The source code of the
proposed JPG-SR is available at: https://drive.google.com/
open?id=1KMIERcJtZYKdGt2HvUySFtviAC5RprHu.

A. Image Inpainting

We first report the performance of the proposed JPG-SR for
image inpainting and compare it with several leading methods,
including SALSA [40], BPFA [28], IPPO [41], ISD-SB [42],
JSM [43], Aloha [44], NGS [45], BKSVD [46], TSLRA [47],
IRCNN [48] and IDBP [49] methods. Note that BKSVD is
a classical PSR method, and both JSM and NGS are based
on the GSR methods. TSLRA is a low-rank method that
delivers the state-of-the-art image inpainting result. IRCNN
and IDBP are the deep learning based methods, which employ
the strong deep convolutional neural networks (CNN) [64].
In this subsection, we conduct two interesting examples with
different masks for image inpainting, i.e., partial random
samples and text inlayed sample. The parameter setting of
our proposed JPG-SR for image inpainting is as follows. The
size of each patch

√
b × √

b is set to be 8 × 8. The size of
searching window W × W is set to 25 × 25 and the matched
patch number in each patch group m = 60. μ = 0.2, c = 0.2,
σ n = √

2 and 
 = e−14. The parameter ε is set to 0.0007,
0.00048, 0.00066, 0.0005 and 0.0003 when 80%, 70%, 60%,
50% pixels missing and text inlayed, respectively.

Table I presents the PSNR comparison for a collection
of 16 test images used in all competing methods. It can be
found that the proposed JPG-SR can outperform other compet-
ing methods in most cases. The average gains of the proposed
JPG-SR over SALSA, BPFA, IPPO, ISD-SB, JSM, Aloha,
NGS, BKSVD, TSLRA, IRCNN and IDBP methods are as
much as 4.22dB, 2.17dB, 0.96dB, 5.51dB, 1.16dB, 1.50dB,
2.95dB, 2.98dB, 1.48dB, 0.82dB and 1.55dB, respectively. The
SSIM comparison results are shown in Table II, where we can
also observe that the proposed JPG-SR achieves better results
than all competing methods in most cases.

The visual comparisons of images Starfish and Flower
with 80% pixels missing are provided in Fig. 3 and Fig. 4,
respectively. Meanwhile, we show the visual comparisons of
the image Haight with text inlayed in Fig. 5. Obviously,
SALSA and ISD-SB could not reconstruct sharp edges and fine
details. The BPFA, IPPO, Aloha, BKSVD and IDBP methods
produce images with a much better visual quality than SALSA
and ISD-SB, but still suffer from some undesirable artifacts,
such as the ringing effects. Note that BKSVD produces the
obvious undesirable visual artifacts since it is a PSR method.
Although JSM, NGS, TSLRA and IRCNN methods can obtain
more visual results than BKSVD, they often generate over-
smooth effect. The proposed JPG-SR not only preserves
sharp edges and fine details, but also eliminates the ringing
effects. Furthermore, the proposed JPG-SR has a promising
performance for repairing multiple irregular scratch images.
We show two inpainted images from our proposed JPG-SR
and TSLRA methods for the application of multiple irregular
scratch removal in Fig. 6 and Fig. 7. Note that TSLRA is
a state-of-the-art inpainting method, which can be competent
to various image inpainting tasks [47]. It can be seen that
the proposed JPG-SR can effectively remove multiple irreg-
ular scratch of images with comparison to TSLRA method.
Therefore, these experimental findings clearly demonstrate the
effectiveness of our proposed JPG-SR model.

B. Image Deblocking

Next, we validate the performance of the proposed JPG-SR
for image deblocking, i.e., restoring JPEG-compressed images.
We compare it with popular or recently proposed state-of-the-
art deblocking methods: KSVD [2], field of experts (FoE) [35],
block matching and 3D filtering (BM3D) [23], shape adaptive
discrete cosine transform (SA-DCT) [34], patch clustering
and low-rank minimization (PC-LRM) [59], adaptive nonlocal
coefficients estimation (ANCE) [60], DicTV [53], weighted
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TABLE I

PSNR (dB) COMPARISON OF SALSA [40], BPFA [28], IPPO [41], ISD-SB [42], JSM [43], ALOHA [44], NGS [45], BKSVD [46], TSLRA [47],
IRCNN [48], IDBP [49] AND JPG-SR FOR IMAGE INPAINTING

Fig. 4. Visual comparison of Flower by image inpainting with 80% missing pixels. (a) Original image; (b) Degraded image with 80% pixels missing;
(c) SALSA [40] (PSNR = 26.57dB, SSIM = 0.7964); (d) BPFA [28] (PSNR = 27.30dB, SSIM = 0.8234); (e) IPPO [41] (PSNR = 28.33dB, SSIM =
0.8587); (f) ISD-SB [42] (PSNR = 24.53dB, SSIM = 0.7059); (g) JSM [43] (PSNR = 27.99dB, SSIM = 0.8418); (h) Aloha [44] (PSNR = 27.70dB, SSIM
= 0.8402); (i) NGS [45] (PSNR = 27.08dB, SSIM = 0.8174); (j) BKSVD [46] (PSNR = 26.49dB, SSIM = 0.7804); (k) TSLRA [47] (PSNR = 28.17dB,
SSIM = 0.8460); (l) IRCNN [48] (PSNR = 28.41dB, SSIM = 0.8586); (m) IDBP [49] (PSNR = 28.12dB, SSIM = 0.8413); (n) JPG-SR (PSNR = 28.97dB,
SSIM = 0.8768).

nuclear norm minimization (WNNM) [61], structured sparse
representation and quantization constraint (SSR-QC) [33],
total generalized variation and shearlet transform (TGV-SH)

[62] and Coefficient Graph Laplacians (COGL) [63]. Note
that KSVD and DicTV exploit the PSR model for image
deblocking, while SSR-QC is based on the GSR model.
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Fig. 5. Visual comparison of Haight by image inpainting with text inlayed. (a) Original image; (b) Degraded image with text inlayed; (c) SALSA [40]
(PSNR = 24.67dB, SSIM = 0.9322); (d) BPFA [28] (PSNR = 26.64dB, SSIM = 0.9482); (e) IPPO [41] (PSNR = 29.10dB, SSIM = 0.9751); (f) ISD-SB
[42] (PSNR = 24.61dB, SSIM = 0.9358); (g) JSM [43] (PSNR = 28.69dB, SSIM = 0.9729); (h) Aloha [44] (PSNR = 26.21dB, SSIM = 0.9492); (i) NGS
[45] (PSNR = 26.16dB, SSIM = 0.9523); (j) BKSVD [46] (PSNR = 26.59dB, SSIM = 0.9423); (k) TSLRA [47] (PSNR = 28.21dB, SSIM = 0.9691);
(l) IRCNN [48] (PSNR = 26.88dB, SSIM = 0.9582); (m) IDBP [49] (PSNR = 26.46dB, SSIM = 0.9637); (n) JPG-SR (PSNR = 30.08dB, SSIM = 0.9770).

TABLE II

SSIM COMPARISON OF SALSA [40], BPFA [28], IPPO [41], ISD-SB [42], JSM [43], ALOHA [44], NGS [45], BKSVD [46], TSLRA [47], IRCNN
[48], IDBP [49] AND JPG-SR FOR IMAGE INPAINTING

Moreover, SSR-QC, TGV-SH and COGL are the recently pro-
posed deblocking methods that deliver state-of-the-art results.
In particular, TGV-SH can effectively preserve the image
texture. For comparison, sixteen standard test images are firstly

encoded by a JPEG coder with different QFs, and then decoded
using the standard JPEG decoder. Following this, these JPEG-
compressed images are used to test different image deblocking
methods. The parameters of our proposed JPG-SR based image
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TABLE III

PSNR (dB) COMPARISON OF JPEG, KSVD [2], FOE [35], BM3D [23], SA-DCT [34], PC-LRM [59], ANCE [60], DICTV [53], WNNM [61], SSR-QC
[33], TGV-SH [62], COGL [63] AND JPG-SR FOR IMAGE DEBLOCKING

Fig. 6. Comparison of multiple irregular scratch removal using different
methods. (a) Image Lisha containing a multiple irregular scratch denoted by
a mask; (b) result of TSLRA [47]; (c) result of proposed JPG-SR.

deblocking algorithm are as follows. The size of each patch√
b × √

b is 8 × 8. The searching window for similar patches
is W = 25. The searching matched patches m is set to 60 and

 = e−14. The parameters (η, ω, c, ε) are set to (0.04, 0.1,
1.4, 0.0031), (0.03, 0.2, 0.6, 0.0031), (0.02, 0.4, 1, 0.0027),
(0.09, 0.7, 0.7, 0.0008), (0.01, 0.9, 0.4, 0.00079) and (0.07,
0.8, 0.4, 0.0008) for QF ≤ 1, 1 < QF ≤ 5, 5 < QF ≤ 10,
10 < QF ≤ 20, 20 < QF ≤ 30 and QF > 30, respectively.

The PSNR and SSIM comparison results for all test images
in the case of QF = 1, 20, 30 and 40 are shown in Table III
and Table IV respectively, with the best results highlighted
in bold. One can observe that the proposed JPG-SR performs
competitively compared to other deblocking methods. In terms
of PSNR, we can see that the proposed JPG-SR outperforms

Fig. 7. Comparison of multiple irregular scratch removal using different
methods. (a) Image Cai containing a multiple irregular scratch denoted by a
mask; (b) result of TSLRA [47]; (c) result of proposed JPG-SR.

other competing methods in most cases. The average gains
of the proposed JPG-SR over JPEG, KSVD, FoE, BM3D,
SA-DCT, PC-LRM, ANCE, DicTV, WNNM, SSR-QC, TGV-
SH and COGL methods are as much as 1.63dB, 0.78dB,
1.01dB, 0.64dB, 0.60dB, 0.38dB, 0.39dB, 2.79dB, 0.39dB,
0.16dB, 0.87dB and 0.35dB, respectively. Regarding SSIM,
the proposed JPG-SR achieves 0.0391, 0.0241, 0.0269, 0.0152,
0.0123, 0.0096, 0.0101, 0.0784, 0.0108, 0.0056, 0.0145 and
0.0112 improvement on average over JPEG, KSVD, FoE,
BM3D, SA-DCT, PC-LRM, ANCE, DicTV, WNNM, SSR-
QC, TGV-SH and COGL methods, respectively. In particular,
under the conditions of QF = 30 and 40, the proposed JPG-
SR consistently outperforms other competing methods for all
test images in terms of SSIM. The visual comparisons in the
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TABLE IV

SSIM COMPARISON OF JPEG, KSVD [2], FOE [35], BM3D [23], SA-DCT [34], PC-LRM [59], ANCE [60], DICTV [53], WNNM [61], SSR-QC
[33], TGV-SH [62], COGL [63] AND JPG-SR FOR IMAGE DEBLOCKING

Fig. 8. Visual comparison results of image Barbara at QF = 20. (a) Original image; (b) JPEG compressed image (PSNR = 29.36dB, SSIM = 0.8831);
(c) KSVD [2] (PSNR = 30.60dB, SSIM = 0.9021); (d) FoE [35] (PSNR = 30.10dB, SSIM = 0.8964); (e) BM3D [23] (PSNR = 30.70dB, SSIM = 0.9130);
(f) SA-DCT [34] (PSNR = 30.36dB, SSIM = 0.9089); (g) PC-LRM [59] (PSNR = 31.13dB, SSIM = 0.9158); (h) ANCE [60] (PSNR = 31.27dB, SSIM =
0.9119); (i) DicTV [53] (PSNR = 30.67dB, SSIM = 0.8981); (j) WNNM [61] (PSNR = 31.09dB, SSIM = 0.9152); (k) SSR-QC [33] (PSNR = 31.86dB,
SSIM = 0.9229); (l) TGV-SH [62] (PSNR = 29.96dB, SSIM = 0.8976); (m) COGL [63] (PSNR = 30.76dB, SSIM = 0.9036); (n) JPG-SR (PSNR =
32.58dB, SSIM = 0.9331).

case of QF = 20 for images Barbara and C. Man are shown
in Fig. 8 and Fig. 9, respectively. It can be seen that the
blocking artifacts are obvious in the image decoded directly by
the standard JPEG. FoE and DicTV methods can only suppress
the blocking artifacts partially, but many blocking artifacts
are still existing in the restored images. KSVD, BM3D,
SA-DCT, PC-LRM, ANCE, WNNM and SSR-QC methods
obtain better results than FoE and DicTV. However, they often
generate zigzag artifacts and blur effects. SSR-QC and COGL3

3Compared with our proposed JPG-SR method, COGL has a higher PSNR
result for image C. Man. But COGL method markedly produces the over-
smooth effect in Fig. 9 (m).

methods are effective at capturing image textures and edges,
but they often produce over-smooth effects. Our proposed
JPG-SR method not only removes blocking artifacts across
the image, but also preserves sharp edges and fine details
effectively.

Recently, deep learning based techniques for image deblock-
ing have drawn considerable attention owing to its impressive
performance. We compare the proposed JPG-SR with the AR-
CNN [65] method, since it is the baseline of convolutional
neural network (CNN) based image deblocking algorithms.
As shown in Table V, it can be seen that our proposed
method is comparable with AR-CNN. Under different QFs,
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Fig. 9. Visual comparison results of image C. Man at QF = 20. (a) Original image; (b) JPEG compressed image (PSNR = 28.59dB, SSIM = 0.8585);
(c) KSVD [2] (PSNR = 29.11dB, SSIM = 0.8659); (d) FoE [35] (PSNR = 29.11dB, SSIM = 0.8665); (e) BM3D [23] (PSNR = 29.26dB, SSIM = 0.8781);
(f) SA-DCT [34] (PSNR = 29.40dB, SSIM = 0.8804); (g) PC-LRM [59] (PSNR = 29.40dB, SSIM = 0.8766); (h) ANCE [60] (PSNR = 29.50dB, SSIM =
0.8805); (i) DicTV [53] (PSNR = 29.07dB, SSIM = 0.8647); (j) WNNM [61] (PSNR = 29.38dB, SSIM = 0.8769); (k) SSR-QC [33] (PSNR = 29.58dB,
SSIM = 0.8809); (l) TGV-SH [62] (PSNR = 29.53dB, SSIM = 0.8769); (m) COGL [63] (PSNR = 29.97dB, SSIM = 0.8837); (n) JPG-SR (PSNR =
29.80dB, SSIM = 0.8846).

TABLE V

PSNR IN dB (TOP ENTRY IN EACH CELL) AND SSIM (BOTTOM ENTRY)
RESULTS OF AR-CNN [65] AND THE PROPOSED JPG-SR METHODS

FOR IMAGE DEBLOCKING

the proposed JPG-SR obtains better results than AR-CNN
in the majority of cases. The average PSNR and SSIM gain
of our proposed method over AR-CNN is up to 0.30dB and
0.0079, respectively. The visual comparison results of image
Fence and Straw with QF = 20 are presented in Fig. 10
and Fig. 11, respectively. One can observe that AR-CNN still

Fig. 10. Visual comparison results of image Fence at QF = 20. (a) Orig-
inal image; (b) JPEG compressed image (PSNR = 28.51dB, SSIM =
0.8621); (c) AR-CNN [65] (PSNR = 29.65dB, SSIM = 0.8790); (d) JPG-SR
(PSNR = 30.33dB, SSIM = 0.8904).

Fig. 11. Visual comparison results of image Straw at QF = 20. (a) Orig-
inal image; (b) JPEG compressed image (PSNR = 25.74dB, SSIM =
0.8597); (c) AR-CNN [65] (PSNR = 26.91dB, SSIM = 0.8834); (d) JPG-SR
(PSNR = 27.28dB, SSIM = 0.8977).

suffers from undesirable artifacts, while the proposed JPG-SR
algorithm eliminates the blocking artifacts more effectively
than AR-CNN. These results further verify the superiority of
the proposed algorithm.

C. Suitable Setting of the ADMM Balance Factor

The ADMM balance factor μ plays an important role in our
proposed JPG-SR based image restoration algorithm. In this
subsection, we discuss how to set the ADMM balance factor μ
for the proposed algorithm. We firstly fix other parameters. For
image inpainting, the effects of μ values on average algorithm
performance for five test images are shown in Fig. 12 (a)-(e).
One can observe that the best performance of each case (80%,
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Fig. 12. Setting the different ADMM balance factor for the influence of image restoration tasks. Top row: the influence of different μ upon inpainting results
under different pixels missing cases. Bottom row: the influence of different ω upon deblocked results under different QF cases.

TABLE VI

AVERAGE PSNR (dB) (TOP ENTRY) AND SSIM (BOTTOM ENTRY) COM-
PARISON OF PSR, GSR AND THE PROPOSED JPG-SR FOR IMAGE

RESTORATION TASKS ON SET 11 DATASET [66]

70%, 60%, 50% pixels missing and text removal) is usually
achieved with μ in the range [0.1, 0.3]. Therefore, in this
paper, μ is set 0.2 for all image inpainting tasks. μ is set by
Eq. (33) in image deblocking task, which is then dependent on
the scaling factor ω. We thus discuss the influence of scaling
factor ω for the the proposed algorithm. The effects of ω values
on average algorithm performance for five test images are
shown in Fig. 12 (f)-(j). It can be seen that the best deblocking
performance of the proposed JPG-SR algorithm is obtained
with ω in the range [0.09, 0.2], [0.1, 0.3], [0.3, 0.5], [0.6, 0.8]
and [0.3, 0.5] with QF = 1, 5, 10, 20 and 30, respectively.
Therefore, in image deblocking, we set ω = 0.1, 0.2, 0.4,
0.7 and 0.4 for QF = 1, 5, 10, 20 and 30, respectively.

D. Ablation Study

In this subsection, we conduct an ablation study of the pro-
posed JPG-SR model, by prohibiting the PSR model and GSR
model in the JPG-SR image restoration algorithm, respectively.
The variants are reduced to PSR-based image restoration

algorithm [2] and GSR-based image restoration algorithm.
Table VI shows the average PSNR and SSIM results over all
test images from Set 11 (11 images) dataset [66], achieved
by our proposed JPG-SR based image restoration algorithm,
as well as its two variants. For image deblocking, the proposed
JPG-SR obtains the best performance with comparison to other
competing methods. For image inpainting, on average, our
proposed JPG-SR also achieves the best performance with
comparison to other competing methods. Under the condition
of 80% pixels missing, though the PSNR result of the proposed
JPG-SR is lower than GSR, the SSIM result of our proposed
JPG-SR is significantly better than GSR. This phenomenon
has been explained in [58]. Therefore, this experiment shows
that both the PSR and GSR models contribute significantly to
the success of the proposed JPG-SR model. This experiment
also further demonstrates that the proposed model is feasible.
Furthermore, in our proposed model, we can use the powerful
deep prior models [48], [49] to replace the PSR model, because
most of deep models focused on exploiting image local
properties. Then, the proposed model can provide a mutual
complementary between feature space and image space.

E. Convergence

Since the proposed model is non-convex, it is difficult
to give its theoretical proof for global convergence. Hereby,
we provide the empirical evidence to illustrate the good
convergence behavior of our proposed model in Fig. 13.
It shows the curves of the PSNR values versus the iteration
numbers for image deblocking with QF = 20 and image
inpainting with 80% pixels missing, respectively. It can be
seen that with the increase of iteration numbers, the PSNR
curves of the reconstructed images gradually increase and
eventually become flat and stable. Clearly, the proposed JPG-
SR algorithm enjoys a good convergence performance.

F. Running Time

In this subsection, we report the running time of the
proposed JPG-SR based image restoration algorithm with
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TABLE VII

RUNNING TIME (S) OF DIFFERENT IMAGE RESTORATION METHODS

Fig. 13. Convergence behavior. (a) PSNR results versus iteration number for
image deblocking with QF = 20. (b) PSNR results versus iteration number
for image inpainting with 80% pixels missing.

comparison to all competing methods. All experiments are
conducted on an Intel (R) Core (TM) i5-4570 with 3.20Hz
CPU PC under the Matlab 2016b environment. We use a
widely used image House as an example for all competing
methods. For image deblocking, the JPEG-compressed image
is generated by using the image House with QF = 5. As can
be seen in the upper part of Table VII, the proposed JPG-SR
requires less than 2 minutes for an image, which is faster
than TGV-SH and COGL methods. For image inpainting, 80%
pixels are missing for image House. According to lower part
of Table VII, the proposed JPG-SR method requires about
15-17 minutes for an image, which is faster than BPFA and
BKSVD methods. The proposed JPG-SR algorithm appears to
require more time because the block matching and dictionary
learning via SVD require a highly computational workload.
We are working on using GPU hardware to accelerate the
proposed algorithm since the block matching and SVD of each
patch group can be performed in parallel.

VI. CONCLUSION

A new sparse representation model, dubbed joint patch-
group based sparse representation has been proposed in this
paper. Compared to existing sparse representation models,
the proposed JPG-SR integrated both local sparsity and non-
local self-similarity of the image. We have developed an
iterative algorithm based on the ADMM framework to solve
the proposed model for image restoration tasks, including
image inpainting and image deblocking. Experimental results
have demonstrated that the proposed algorithm is effective and
outperforms many state-of-the-art methods both quantitatively
and qualitatively.
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