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Abstract— Through exploiting the image nonlocal self-
similarity (NSS) prior by clustering similar patches to construct
patch groups, recent studies have revealed that structural sparse
representation (SSR) models can achieve promising performance
in various image restoration tasks. However, most existing
SSR methods only exploit the NSS prior from the input
degraded (internal) image, and few methods utilize the NSS prior
from external clean image corpus; how to jointly exploit the NSS
priors of internal image and external clean image corpus is still
an open problem. In this article, we propose a novel approach
for image restoration by simultaneously considering internal and
external nonlocal self-similarity (SNSS) priors that offer mutually
complementary information. Specifically, we first group nonlocal
similar patches from images of a training corpus. Then a group-
based Gaussian mixture model (GMM) learning algorithm is
applied to learn an external NSS prior. We exploit the SSR model
by integrating the NSS priors of both internal and external image
data. An alternating minimization with an adaptive parameter
adjusting strategy is developed to solve the proposed SNSS-based
image restoration problems, which makes the entire algorithm
more stable and practical. Experimental results on three image
restoration applications, namely image denoising, deblocking
and deblurring, demonstrate that the proposed SNSS produces
superior results compared to many popular or state-of-the-art
methods in both objective and perceptual quality measurements.

Index Terms— Image restoration, structural sparse represen-
tation, simultaneous nonlocal self-similarity, Gaussian mixture
model, adaptive parameter adjusting.
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I. INTRODUCTION

IMAGE restoration is an important problem in the field of
image processing, which has attracted keen interests from

researchers of different areas due to its practical significance
[1]–[18]. The goal of image restoration is to reconstruct the
original image x from its degraded observation y as precisely
as possible. The degradation model for image restoration can
be mathematically modeled as

y = Hx + e, (1)

where H is a degradation matrix and e is the additive white
Gaussian noise vector. Eq. (1) can represent different image
restoration problems with respect to different settings of matrix
H. For instance, Eq. (1) reduces to image denoising problem
[1], [19] when H is an identity matrix; it represents an
image deblurring problem [20], [21] when H is a blurring
operator; it denotes an image inpainting problem [10], [22]
when H is a diagonal masking matrix and image compressive
sensing problem [23], [24] when H is an under-sampled
random projection matrix. In this article, we focus on image
denoising, image deblocking and image deblurring problems.
It is worth noting that we focus on image deblocking for JPEG
compression artifacts reduction [25], [26], and then image
deblocking is regarded as image denoising problem with which
e is the quantization noise [27].

Evidently, according to Eq. (1), one can observe that
image restoration is an ill-posed inverse problem. In order
to achieve a high performance in image restoration, the most
effective method now is to employ the image prior knowledge
of the original image x to regularize the solution space.
Therefore, how to design an effective regularizer based on
certain image properties is of great importance for image
restoration. In general, one can estimate x by solving the
following optimization problem under maximum a posteriori
(MAP) framework [11], [28],

x̂ = arg min
x

1

2σ 2
e

�y − Hx�2
2 + λ R(x), (2)

where λ is a regularization parameter and σ 2
e is noise variance.

The notation � · �2 denotes the �2-norm and the first term in
Eq. (2) is the data fidelity. Here R(x) is the regularizer, which
depends on the image priors of the original scene. In the past
few decades, a variety of image prior based regularization
methods have been proposed including analytical transform
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based methods [3], [4], sparse representation based methods
[5], [7], [10], deep learning based methods [17], [29], [30]
and nonlocal self-similarity based methods [9], [10], [13],
[15], [31], [32].

Analytical transform based methods assumed that natural
images can be sparsely represented by some fixed basis (e.g.,
wavelets and the discrete cosine transform (DCT)). Various
wavelet shrinkage based methods have been proposed [3],
[33]. For instance, Chang et al. [3] modeled the wavelet
transform coefficients as a generalized Gaussian distribution.
Portilla et al. [33] utilized the scale mixtures of Gaussian in
the wavelet domain for image denoising. Besides, the well-
known total variation (TV) methods [4], [34] assumed that
image gradients obey Laplacian distribution [35]. Though
these analytical methods have shown promising performance
in noise and artifacts remove, they are using fixed image model
which sometimes generate artifacts or oversmoothing regions
in the reconstructed images [35], [36].

Recent works proposed to learn sparse models for image
patches, including the popular synthesis dictionary learning
approaches [5], [7], [14], [37] assumed each image patch to be
encoded as a linear combination of a subset of bases from an
adaptive dictionary. Besides, the counter part called transform
learning [12], [38] proposed to learn a union of nullspaces
forming the adaptive patch-based transform. Comparing to
fixed transform or dictionaries, adapting to image patches
by self supervision can better exploit image local structures
[12], [37] leading to more effective image restoration algo-
rithms [5], [7], [12]. Beyond model-based optimization meth-
ods, recent works applied deep learning for image restoration
and have attracted considerable attentions due to its great
performance [25], [29], [30], [39], [40] for tasks with access
to large-scale training sets. For instance, Burger et al. [29]
proposed a multi-layer perception (MLP) model for image
restoration. Chen and Pock [30] proposed a trainable nonlin-
ear reaction diffusion (TNRD) model for image restoration,
which learned a modified fields of experts [41] image prior
by unfolding a fixed number of gradient descent inference
steps. Zhang et al. [39] investigated feed-forward convolu-
tional neural networks (Dn-CNN) which enables very deep
architecture for image denoising. However, both the aforemen-
tioned model-based and deep image restoration schemes are
local methods, which are limited by largely ignoring image
self-similarity and non-local properties. Besides, deep learning
approaches require a large image training set, assuming the
degraded image follows the similar data distribution. Whereas
in applications such as remote sensing and medical imaging,
such supervised approaches can be hardly applied or result in
undesired artifacts [11], [42].

More recent approaches based on the image nonlocal self-
similarity (NSS) prior [1], [43] clustered similar patches to
form patch groups, and applied structural sparse represen-
tation (SSR) to each patch group which leads to promising
results in various image restoration tasks [2], [9], [10], [13],
[28], [44], [45]. For instance, Dabov et al. [2] proposed
the popular BM3D algorithm to exploit NSS prior with
sparsity constraint for image denoising. Mairal et al. [9]

proposed LSSC algorithm by making use of joint sparsity
on patch groups. Zhang et al. [44] proposed the restora-
tion method by estimating statistical parameters for PCA
on nonlocal similar patches. Zhang et al. [10] proposed a
group-based sparse representation model for image restora-
tion. Dong et al. [28] proposed an image restoration method
using the Gaussian scale mixture (GSM) model. Besides
exploiting the internal NSS of the degraded image, some
recent works also proposed to construct NSS prior from
external image corpus. For instance, Xu et al. [13] proposed
to learn dictionaries supervisedly from a natural image cor-
pus. Li et al. [45] proposed a statistical clustering based
tone mapping method. By applying group-based properties,
such as sparsity, joint sparsity of low-rankness, many non-
local methods have achieved state-of-the-art results in image
restoration [15], [16], [22], [42], [46].

Existing works, applying either internal NSS prior (from the
input degraded image) or external NSS prior (from the clean
image corpus), reported promising results in image restoration
applications [2], [9], [10], [13], [15], [16], [44], [45]. However,
how to exploit the NSS priors of both internal image and
external clean image corpus simultaneously is still an open
problem. In this work, we propose a novel approach using the
simultaneous NSS (SNSS) priors, i.e., applying the internal
and external NSS priors jointly, for more effective image
restoration. Both nonlocal similar patches are grouped within
the degraded image as well as each image from the external
corpus. The proposed SNSS model learns the group-based
Gaussian mixture model (GMM) for corpus images as the
external NSS prior, and the group-based dictionaries for the
degraded image via self-supervised learning as the internal
NSS prior, respectively. Fig. 1 shows how SNSS can utilize the
two priors jointly, as the complementary regularizers, to restore
images. The contributions of this article are summarized as
follows:

• We propose a flexible SNSS model that combines the
internal and external NSS priors, to take full advantage
of the specific structures of the degraded image as well
as the common properties in natural images.

• We develop an effective algorithm using alternating
minimization to solve the SNSS model. Furthermore,
we provide some principles and strategies for adaptively
adjusting various parameters in the optimization.

• We apply the proposed SNSS model and learning scheme
to solve various fundamental image restoration problems,
including image denoising, deblocking and deblurring.
Experimental results show that the proposed SNSS-based
algorithms can outperform the popular or state-of-the-art
competing methods in each of the applications.

The remainder of this article is organized as follows.
Section II introduces the SSR model. Section III presents how
to learn the NSS prior from external image corpus. Section IV
proposes the novel SNSS model and discusses the difference
between the proposed approach with some related methods.
Section V develops an optimization method with an adaptive
parameter adjusting strategy to solve the proposed SNSS
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Fig. 1. SNSS-based image restoration. In the external learning stage, we extract nonlocal similar patches from each image of external clean image corpus
and put them into groups. Then a group-based GMM learning algorithm (each group as an unit) is developed to learn the external NSS prior. In the restoration
stage, the degraded image is restored using the proposed SNSS model, by jointly applying the external dictionaries, as well as the internal dictionaries learned
from patch groups of degraded image in a self-supervised manner.

model. Section VI presents experimental results for image
restoration. Finally, several concluding remarks are provided
in Section VII. A preliminary work has appeared in [11]. 1

II. STRUCTURAL SPARSE REPRESENTATION

In this section, we briefly introduce the SSR model [10],
[13], [47]. Each patch group is used as the basic unit in SSR,
rather than using a single patch as its unit in patch-based sparse
representation (PSR) [5], [37]. Concretely, given an image x ∈
R

N , it is divided into n overlapping patches xi of size
√

b ×√
b, i = 1, . . . , n. Then for each exemplar patch xi , we search

c patches that are most similar to it within a W × W sized
searching window to form a patch group Xi ∈ R

b×c, denoted
by Xi = [xi,1, . . . , xi,c], where xi, j denotes the j -th similar
patch (column vector) in the i -th patch group, ∀ j = 1, . . . , c.
Note that the K-Nearest Neighbour (KNN) algorithm [48] is
utilized to look for similar patches here, namely, the Euclidean
distance between the exemplar patch xi with similar patches.
Finally, similar to PSR, given a dictionary Di , which is usually
learned from each patch group, such as graph based dictionary
[49] and principle component analysis (PCA) based dictionary
[8], then each patch group Xi can be sparsely represented by
solving the following �1-norm minimization problem,

Âi = arg min
Ai

(
1

2
�X i − Di Ai�2

F + λ�Ai�1

)
∀i , (3)

1Significant work has been done compared to [11]. Particularly, under the
framework of SSR, we have proposed a new SNSS model to integrate the
NSS priors of both internal image and external image corpus in Sec. IV.
We have developed the alternating minimization with an adaptive parameter
adjusting strategy to solve the proposed SNSS model for image restoration
tasks in Sec. V. Extensive experiments have been added to demonstrate the
superiority and robustness of the proposed SNSS model in Sec. VI.

where Ai represents the group sparse coefficient and λ is
a non-negative constant. The notation � · �F denotes the
Frobenius norm, and � · �1 is imposed on each column
in Ai .

Since the original image x is unknown in image restoration
tasks, we now start from the input degraded image y ∈ R

N to
generate patch groups. Similar to the above procedure, each
patch yi ∈ R

b×1 is extracted from the input degraded image
y, and we search for its nonlocal similar patches to generate
n patch groups, where each patch group is indicated as Y i ∈
R

b×c, i.e., Y i = [yi,1, . . . , yi,c]. Then, image restoration is
turned into how to restore Xi from Y i by exploiting the SSR
model, i.e.,

Âi = arg min
Ai

(
1

2
�Y i − Di Ai�2

F + λ�Ai�1

)
∀i . (4)

Once all the group sparse codes {Âi }n
i=1 are achieved

by solving Eq. (4), then the underlying high quality

image x̂ can be reconstructed as x̂ = D ◦ Â def=
(
∑n

i=1 RT
i Ri )

−1 ∑n
i=1(R

T
i Di Âi ), where D is a dictionary to

sparsely represent all the patch groups of the input degraded
image y and Â is a set of {Âi }n

i=1. Ri is the matrix operator
that seeks similar patches for every exemplar patch. The
notation ◦ is to exploit D ◦ Â to make the expression of
(
∑n

i=1 RT
i Ri )

−1 ∑n
i=1(R

T
i Di Âi ) more convenient [10]. The

above operator denotes that SSR uses the NSS prior of internal
image.

III. LEARNING NSS PRIOR FROM EXTERNAL

IMAGE CORPUS

As mentioned earlier, conventional SSR-based image
restoration methods just exploited a single NSS prior but
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ignored another one [2], [9], [10], [13], [28], [44], [45]. In this
section, we present a NSS prior, i.e., learning the NSS prior
from external image corpus [13]. Specifically, a group-based
GMM learning algorithm is developed to learn an external
NSS prior from the patch groups of a given training image
corpus.

A. Group-Based GMM Learning

Similar to the procedure in Section II, we extract S patch
groups from a given training image corpus, and denote one
patch group as

Zi = {zi, j }d
j=1, i = 1, . . . , S, (5)

where zi, j denotes the j -th nonlocal similar patch of the i -th
group 2 Zi , ∀ j = 1, . . . , d . Considering that GMM model has
been successfully employed to model the image patch or patch
group priors such as EPLL [50], PLE [51] and PGPD [13],
in this article, we learn a finite GMM over natural image patch
groups {Zi }S

i=1 to describe the external NSS prior. Specifically,
by exploiting GMM learning algorithm, the likelihood of the
given patch groups {Zi }S

i=1 is

P(Zi ) =
∑K

k=1
πk

∏d

j=1
N (zi, j |μk,�k), (6)

where K denotes the total number of mixture components,
and the GMM model is parameterized by mean vectors {μk},
covariance matrices {�k} and mixture weights of mixture
components {πk} with

∑K
k=1 πk = 1. We then define � =

{μk,�k, πk}K
k=1. By assuming that all patch groups are inde-

pendent and applying log to the overall objective likelihood
function L = �S

i=1 P(Zi ), then we maximize L and solve �,
i.e.,

ln L =
∑S

i=1
ln

(∑K

k=1
πk

∏d

j=1
N (zi, j |μk,�k)

)
, (7)

where � can be learned by utilizing Expectation Maximiza-
tion (EM) algorithm [13], [50], [51].

In the E-step, we calculate the posterior probability for the
component k as:

P(k|zi, j ,�) = πk
∏d

j=1 N (zi, j |μk,�k)∑K
l=1 πl

∏d
j=1 N (zi, j |μl,�l)

, (8)

Sk =
∑S

i=1
P(k|zi, j ,�). (9)

In the M-step, for each patch group Zi , we update the model
parameters as follows:

πk = Sk/S, (10)

μk =
∑S

i=1 πk
∑d

j=1 zi, j∑S
i=1 πk

, (11)

�k =
∑S

i=1 P(k|zi, j ,�)
∑d

j=1 zi, j zT
i, j

Sk
. (12)

We iterate over the E-Step and M-Step until convergence
is achieved. For more details about the EM algorithm, please
refer to [13], [50], [51].

2In this article, all patch groups {Zi }S
i=1 are preprocessed by mean sub-

straction.

B. Gaussian Component Selection for SSR

Based on the above group-based GMM learning, the best
k-th Gaussian component can be chosen for the patch group
Y i of internal image y. To be concrete, by assuming that an
image is corrupted by Gaussian noise with variance σ 2

e , then
the covariance matrix of the k-th Gaussian component will be
turned into �k +σ 2

e I, where I denotes the identity matrix. The
selection that Y i belongs to the k-th Gaussian component can
be achieved by the following posterior probability,

P(k|Y i ) =
∏d

j=1 N (yi, j|0,�k + σ 2
e I)∑K

l=1
∏d

j=1 N (yi, j|0,�l + σ 2
e I)

. (13)

Then, through maximizing Eq. (13), the k-th Gaussian
component with the highest probability is selected for each
patch group Y i . In practice, the GMM model here is equivalent
to the block sparse estimation with a block dictionary having
K blocks wherein each block corresponds to the PCA basis
of one of the Gaussian components in the mixture [51],
[52]. Therefore, the covariance matrix of the k-th Gaussian
component is denoted by �k . By employing the eigenvalue
decomposition to �k , we have,

�k = Uk�kUT
k , (14)

where Uk is an orthogonal matrix formed by the eigenvector
of �k and �k is the diagonal matrix of eigenvalues. According
to the above group-based GMM learning, as the statistical
structures of NSS variations in natural images are captured
by the eigenvectors in Uk , and hence Uk can be used to
represent the structural variations of the patch groups in that
component [53]. Obviously, we can see that each Uk integrates
the external NSS prior information of natural images. Finally,
through choosing the best matched Uk for each patch group
Y i , the external NSS based SSR model can be represented as
follows:

B̂i = arg min
Bi

(
1

2
�Y i − UkBi�2

F + ρ�Bi�1

)
∀i , (15)

where Bi is the group sparse coefficient of the i -th patch
group Y i , and ρ is a non-negative constant. After obtaining
all group sparse codes {B̂i }n

i=1, we then can achieve a high
quality reconstructed image x̂ [13].

IV. SIMULTANEOUS NONLOCAL SELF-SIMILARITY PRIORS

FOR IMAGE RESTORATION

A. SNSS for Image Restoration

As mentioned above, most existing SSR methods have
only considered the NSS prior from internal image [2], [9],
[10], [28], [44], and few works have exploited the NSS prior
from external image corpus [13], [45]. In this subsection,
we propose an innovative method for image restoration via
SNSS priors. Specifically, through incorporating the internal
NSS prior in Eq. (4) and the external NSS prior in Eq. (15) into
the regularization based framework of Eq. (2), the proposed
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TABLE I

COMPARISON OF THE KEY ATTRIBUTES BETWEEN THE PROPOSED SNSS
WITH OTHER REPRESENTATIVE METHODS FOR IMAGE RESTORATION

SNSS model for image restoration can be expressed as follows:
(x̂, Âi , B̂i ) = arg min

x,Ai ,Bi

1

2σ 2
e

�y − Hx�2
2

+ 1

2μ

∑n

i=1
�Ri x − Di Ai�2

F + λ
∑n

i=1
�Ai�1

+ 1

2η

∑n

i=1
�Ei x − UkBi�2

F + ρ
∑n

i=1
�Bi�1,

(16)

where Ri x = [xi,1, . . . , xi,c] ∈ R
b×c is the matrix operator

that extracts the patch xi, j from x, ∀ j = 1, . . . , c. Similarly,
Ei x = [xi,1, . . . , xi,d ] ∈ R

b×d denotes the matrix extracting
the patch xi, j from x, ∀ j = 1, . . . , d . k is the index of
Gaussian component that patch group Ei x is assigned to �k

and Uk is an orthogonal matrix formed by the eigenvector
of �k in Eq. (14). ρ is now playing the same role of λ. μ
and η are positive constants to make the solution of Eq. (16)
more feasible. Obviously, we can see that our proposed SNSS
model in Eq. (16) jointly considers the NSS priors of both
internal image and external image corpus, which can pro-
vide mutual complementary information for the reconstructed
images. We will verify the proposed SNSS model to be
more effective than many single NSS based methods in our
experiments (see Section VI for more details).

B. Discussions

In this subsection, we provide the detailed discussions about
the difference among the proposed SNSS model, GMM based
image restoration models [13], [50], [51], [54], [56], SSR
models [2], [9], [10], [13], [28], [44], [45], [47], [57] and
hybrid prior models [55], [58]–[61].

• GMM model has shown great potential in various image
restoration tasks, such as EPLL [50] and PLE [51],
of which EPLL is still one of the state-of-the-art denois-
ing methods. Fueled by the success of EPLL for image
restoration, Lu et al. [56] proposed an image specific
prior for denoising. After this, Luo et al. [54] proposed
a theoretical result that is lacking in [56]. However,
the mentioned methods only learned a patch based image
prior through a GMM-based learning algorithm. The
proposed SNSS method developed a group-based GMM
learning algorithm to learn an external image NSS prior,
which is similar to PGPD. The main difference between
the proposed SNSS and PGPD is that the proposed SNSS

learned two different NSS priors from internal image
and external image corpus respectively, while PGPD only
considered an external NSS prior.

• SSR models have achieved a great success in various
image restoration applications [2], [9], [10], [13], [28],
[44], [45], [57]. However, most existing SSR-based meth-
ods only exploited the internal NSS prior [9], [10], [57],
and only few SSR-based methods utilized the NSS prior
from external clean image corpus [13], [45]. Different
from these existing SSR-based methods, the proposed
SNSS method jointly exploits two different SSR models,
i.e., internal NSS prior-based SSR model and external
NSS prior-based SSR model.

• In recent years, how to combine internal and exter-
nal priors for image restoration has been becoming
an active direction [54]–[56], [58]–[61]. For instance,
Mosseri et al. [58] and Burger et al. [60] discovered that
internal and external priors are beneficial for different
types of image patches and thus proposed methods to
combine them. However, these methods only considered
to combine internal and external image denoising algo-
rithms (e.g., BM3D [2], EPLL [50]) rather than internal
and external priors [56]. References Lu et al. [56] and
Luo et al. [54] proposed methods to combine internal
and external priors, while they did not directly exploit
the NSS prior of images. Although Yue et al. [61] and
Anwar et al. [59] jointly utilized internal NSS prior and
external NSS prior, they have only considered to process
the category-specific images rather than dealing with
many general images in this article. Compared to our
proposed SNSS method, PCLR [55] have only exploited
internal NSS prior but ignored the external NSS prior.
Table I depicts the proposed SNSS and some representa-
tives of existing image restoration algorithms with their
key attributes.

V. SOLVING THE SNSS MODEL VIA ALTERNATING

MINIMIZATION WITH ADAPTIVE PARAMETER

ADJUSTING STRATEGY

In this section, to make the proposed model tractable
and robust, we develop an alternating minimization method
to solve the large-scale optimization problem in Eq. (16).
Specifically, the minimization for Eq. (16) involves three sub-
problems, namely, x, Ai and Bi sub-problem. It is worth noting
that, different from a traditional alternating minimization strat-
egy that only considered the fixed value for the parameters μ,
η, λ and ρ, we adaptively adjust all parameters in Eq. (16)
at each iteration, which can guarantee the proposed algorithm
more stable and practical. We give the implementation details
of obtaining an efficient solution to each sub-problem below.

A. Ai Sub-Problem

Given x, the Ai sub-problem in Eq. (16) becomes,

Âi = arg min
Ai

∑n

i=1

(
1

2
�Ri x − Di Ai�2

F + λμ�Ai�1

)
.

(17)
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Algorithm 1 SNSS-based Image Restoration.

Obviously, Eq. (17) can be deemed as a sparse representation
problem by solving n sub-problems for each patch group Ri x.
As mentioned above, we usually learn the dictionary from each
patch group in SSR [8], [10], [28], [57], [62]. Accordingly,
to adapt the image local structures, instead of learning an over-
complete dictionary, we learn the PCA based dictionary [8]
from each patch group Ri x. Then, in the case of orthogonal
PCA dictionary Di , Eq. (17) can be rewritten as

Âi = min
Ai

∑n

i=1

(
1

2
�Pi − Ai�2

F + λμ�Ai�1

)

= min
αi

∑n

i=1

(
1

2
�pi − αi�2

2 + λμ�αi�1

)
, (18)

where Ri x = Di Pi , and pi , αi denote the vectorization form
of the matrix Pi and Ai , respectively.

Following this, we can obtain a closed-form solution of each
αi according to the so called soft thresholding [63]:

α̂i = Soft(pi , λμ) ∀i . (19)

B. Bi Sub-Problem

Similarly, given x, the Bi sub-problem in Eq. (16) can be
represented as,

B̂i = arg min
Bi

∑n

i=1

(
1

2
�Ei x − UkBi�2

F + ρη�Bi�1

)
.

(20)

Apparently, Eq. (20) is also viewed as a sparse represen-
tation problem for each patch group Ei x. In accordance with
subsection III-B, we can choose the best matched k-th GMM

component by Eq. (13) for each patch group Ei x and therefore
the best matched PCA basis Uk in Eq. (14) is given to each
patch group Ei x. Due to the orthogonality of Uk , Eq. (20) can
now be rewritten as

B̂i = min
Bi

∑n

i=1

(
1

2
�Qi − Bi�2

F + ρη�Bi�1

)

= min
βi

∑n

i=1

(
1

2
�qi − βi�2

2 + ρη�βi�1

)
, (21)

where Ei x = UkQi , and qi , βi represent the vectorization
form of the matrix Qi and Bi , respectively.

Then, similar to Eq. (19), a closed-form solution of each βi

can be achieved by

β̂i = Soft(qi , ρη) ∀i . (22)

C. x Sub-Problem

Given Ai and Bi , x sub-problem denoted by Eq. (16)
becomes

x̂ = arg min
x

1

2σ 2
e

�y − Hx�2
2 + 1

2μ

∑n

i=1
�Ri x − Di Ai�2

F

+ 1

2η

∑n

i=1
�Ei x − UkBi�2

F . (23)

Clearly, Eq. (23) is essentially a minimization problem of a
strictly convex quadratic function, which has a closed-form
solution,

x̂ =
(
μηHT H + ησ 2

e

∑n

i=1
RT

i Ri + μσ 2
e

∑n

i=1
ET

i Ei

)−1

(
μηHT y + ησ 2

e

∑n

i=1
RT

i Di Ai + μσ 2
e

∑n

i=1
ET

i UkBi

)
,

(24)

where RT
i Ri = ∑c

j=1 RT
i, j Ri, j , ET

i Ei = ∑d
j=1 ET

i, j Ei, j ,
RT

i Di Ai = ∑c
j=1 RT

i, j Di, j Ai, j and ET
i UkBi =∑d

j=1 ET
i, j Uk, j Bi, j . In particular, (μηHT H +

ησ 2
e

∑n
i=1 RT

i Ri +μσ 2
e

∑n
i=1 ET

i Ei ) is a diagonal matrix, and
therefore Eq. (24) can be solved efficiently by element-wise
division. We employ the case of image denoising as an
example and the flowchart of the proposed SNSS model is
illustrated in Fig. 1.

D. Adaptive Parameter Adjusting Strategy

After the above operation, we can achieve an efficient
solution by solving each sub-problem separately. However,
it can be seen that there are four parameters in Eq. (16), i.e.,
μ, η, λ and ρ. In general, we empirically choose a fixed value
for each parameter. However, in this way, it is quite difficult
to guarantee the stability of the entire algorithm. To address
this challenge, we present an adaptive parameter adjusting
scheme, which leads to the proposed algorithm more stable
and practical. Specifically, we first introduce how to adaptively
set the parameters μ and η. Now, let us come back to Eq. (16),
one can observe that the first, second and fourth terms are all
quadratic. Compared to the first term, the second and fourth
terms in Eq. (16), a straightforward assumption is that μ(t)

and η(t) are directly proportional to the noise variance (σ 2
s )(t),

respectively. We use the iterative regularization strategy [34] to
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TABLE II

PSNR (dB) COMPARISON OF JPEG, SA-DCT [64], PC-LRM [65], ANCE [66], BM3D [2], WNNM [67], SSR-QC [26], CONCOLOR [27], LERAG
[68], COGL [69] AND SNSS FOR IMAGE DEBLOCKING

update the estimation of the noise variance σs . To be concrete,
the standard deviation of noise σs in the t-th iteration is
formulated as

σ (t)
s = δ

√
σ 2

e − �x̂(t) − y�2
2, (25)

where t denotes the t-th iteration, δ is a scaling factor to
control the variance estimation and this scheme has been
widely used in image denoising with Gaussian noise variance
estimation [13], [15]. Therefore, we can represent μ(t) and η(t)

as

μ(t) = ω (σ 2
s )(t), (26)

η(t) = τ (σ 2
s )(t), (27)

where ω and τ are scaling factors. It can be observed that the
estimation of μ(t) and η(t) are determined by the estimation
of (σ 2

s )(t).
Moreover, we adaptively update the regularization parame-

ters λ and ρ at each iteration by [3], i.e.,

λ(t) = 2
√

2(σ 2
s )(t)

(δi + �)
, (28)

ρ(t) = 2
√

2(σ 2
s )(t)

(γi + ε)
, (29)

where δi and γi denote the estimated standard deviation of Âi

and B̂i [8], [22], respectively. � and ε are small constants to
avoid dividing by zero.

It is clear that all parameters in Eq. (16) at each iteration
is adaptively adjusted according to Eqs. (25)-(29), which
have the following advantages. Firstly, this adaptive parameter
adjusting strategy makes the above three sub-problems (i.e.,
Eq. (17), Eq. (20) and Eq. (23)) adaptive, because they are
strongly related to these parameters. Secondly, this parame-
ter adjusting scheme makes the entire algorithm parameter-
adaptive, and therefore the entire algorithm can adaptively
adjust for different image restoration tasks and different

images, which will be validated by extensive experimental
results for different image restoration tasks in Section VI.

Until now, we have solved the above three sub-problems,
x, Ai and Bi . We can achieve an efficient solution by solving
each sub-problem separately along with an adaptive parameter
adjusting strategy, which can make the whole algorithm effec-
tive and attractive. The complete description of the proposed
SNSS model for image restoration is exhibited in Algorithm 1.

E. Algorithm Complexity

The computational cost for the proposed SNSS-based image
restoration algorithm (Algorithm 1) is roughly O(nTs +ncb2+
ndb3K ) per iteration, corresponding to block matching (BM)
with Ts being the BM time for each reference patch, sparse
coding for internal patch groups and Gaussian component
selection, respectively. Note that here the computational cost of
Gaussian component selection is higher than the computational
cost of sparse coding for external patch groups.

VI. EXPERIMENTAL RESULTS

Extensive experimental results are reported in this section
to illustrate the performance of our proposed SNSS based
image restoration algorithm for image denoising, image
deblocking and image deblurring. Parts of experimental test
images are shown in Fig. 2. Both the peak signal to noise
ratio (PSNR) and structural similarity (SSIM) index [70]
are used to evaluate different image restoration algorithms
objectively. For all competing methods, we use the default
parameter settings of the source codes from the original
authors. 3 For color images, in this article, we only focus
on the restoration of luminance channel (in YCrCb space).
Due to the limited space, please enlarge the tables and

3We would like to thank the authors of [2], [8], [9], [13], [20], [21], [26],
[27], [29], [30], [44], [50], [54], [64]–[69], [71]–[80] for kindly providing
their software.
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TABLE III

SSIM COMPARISON OF JPEG, SA-DCT [64], PC-LRM [65], ANCE [66], BM3D [2], WNNM [67], SSR-QC [26], CONCOLOR [27], LERAG [68],
COGL [69] AND SNSS FOR IMAGE DEBLOCKING

Fig. 2. Test images in our experiments. Top row, from left to right: Cowboy,
Barbara, Lena, Goldhill, Bear, Couple, Leaves, F. Print, Haight, Elaine. Middle
row, from left to right: Monarch, Peppers, Pentagon, Plants, boats, Flowers,
Foreman, J. Bean, House, Starfish. Bottom row, from left to right: Buddhist,
Light, Baboon, Lake, Miss, Straw, Butterfly, Airplane, Corn, Girl.

figures on the screen for better comparison. In the group-
based GMM learning stage, the training patch groups used
in our experiments were sampled from the Kodak photoCD
dataset,4 which includes 24 natural images. The number of
Gaussian component K is set to 32 and nonlocal similar
patches in a patch group d = 10. The source code of the
proposed SNSS method for image restoration is available
at: https://drive.google.com/open?id=1KEX47epRifq1jOI-
3Y_bNcYXxavtriDO.

A. Image Deblocking

We first report the performance of the proposed SNSS
approach for image deblocking where the observed JPEG-
based compression image is usually modeled as a corrupted
image with quantization noise, and this is different from
traditional additive white Gaussian noise [13], [15]. A critical
problem in image deblocking is how to model the quantization
noise e. In the past decade, numerous remarkable quantization
noise models have been proposed [26], [64], [83], [84] and
in particular, a Gaussian model has been widely adopted
owing to its simplicity and effectiveness, which has obtained
state-of-the-art image deblocking results [26], [64]. Therefore,

4http://r0k.us/graphics/kodak/

in this article, we employ the Gaussian model to depict the
quantization noise e, and specifically the approach proposed
in [64] is used to estimate the noise variance σ 2

e as follows,

σ 2
e = 0.69 (s̃)1.3, s̃ = 1

9

∑3

i, j=1
Mq

[i, j ], (30)

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 .
Note that the noise variance σ 2

e obtained by Eq. (30) is only
the variance of the hypothetical Gaussian noise, which deter-
mines the level of adaptive smoothing that is able to reduce
compression artifacts generated by the quantization step with
Mq [26]. Furthermore, the quantization constraint prior [27]
is conducted to further boost the deblocking performance of
the proposed SNSS algorithm (For details of the quantization
constraint prior, please refer to [27]).

To validate the deblocking performance of the proposed
SNSS algorithm, we compare it with advanced image deblock-
ing approaches, including SA-DCT [64], PC-LRM [65],
ANCE [66], BM3D [2], WNNM [67], SSR-QC [26], CON-
COLOR [27], LERaG [68] and COGL [69]. It is worth
noting that the single nonlocal redundancies are utilized for
all competing approaches, while two NSS priors together
are exploited to our proposed SNSS approach. SSR-QC,
CONCOLOR, LERaG and COGL are the recently NSS-based
image deblocking methods that deliver state-of-the-art results.
The parameter settings of the proposed SNSS model for image
deblocking are as follows. The size of each patch

√
b × √

b
is set to 7×7. The number of similar patches c is set to 60.
The searching window for similar patches is set to W = 25.
The scaling factors (δ, ω, τ ) are set to (0.4, 0.01, 0.5), (0.4,
0.03, 1), (0.7, 0.01, 0.8), (0.8, 0.01, 0.6), (1, 0.01, 0.2) and
(1, 0.02, 1) for q ≤1, 1< q ≤5, 5< q ≤10, 10< q ≤20,
20< q ≤30 and q >30, respectively. In these comparative
experiments, each test image is firstly encoded by a JPEG
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TABLE IV

AVERAGE RESULTS OF PSNR (dB) (TOP ENTRY IN EACH CELL) AND SSIM
(BOTTOM ENTRY) BY JPEG, SA-DCT [64], PC-LRM [65], ANCE

[66], BM3D [2], WNNM [67], SSR-QC [26], CONCOLOR [27],
LERAG [68], COGL [69] AND SNSS ON BSD 100 DATASET

[81], LIVE1 DATASET [82] AND CLASSIC5 DATASET [64]

encoder with different q , and then decoded using the standard
JPEG decoder. After this, these JPEG-compressed images are
used to test different image deblocking approaches.

We first evaluate the competing methods on 13 widely used
images, whose scenes are shown in Fig. 2. The PSNR and
SSIM comparison results through all competing approaches
are displayed in Table II and Table III respectively, with
the best results highlighted in bold. In terms of PSNR, one
can observe that the proposed SNSS consistently outperforms
all competing methods. Meanwhile, our proposed SNSS also
outperforms all competing methods in most cases in terms of
SSIM.

Furthermore, we comprehensively assess the proposed
SNSS approach for image deblocking on the Berkeley
Segmentation Dataset (BSD) (including 100 natural images)
[81], Live1 dataset (including 29 natural images) [82] and

TABLE V

AVERAGE PSNR (dB) OF AR-CNN [25] AND SNSS FOR IMAGE DEBLOCK-
ING ON BSD 100 DATASET [81]

Fig. 3. Visual comparison results of image 302008 at QF = 1. (a) Original
image; (b) JPEG compressed image (PSNR = 24.06dB); (c) SA-DCT [64]
(PSNR = 25.79dB); (d) PC-LRM [65] (PSNR = 26.41dB); (e) ANCE [66]
(PSNR = 26.03dB); (f) BM3D [2] (PSNR = 25.46dB); (g) WNNM [67]
(PSNR = 26.51dB); (h) SSR-QC [26] (PSNR = 26.31dB); (i) CONCOLOR
[27] (PSNR = 26.55dB); (j) LERaG [68] (PSNR = 26.49dB); (k) COGL
[69](PSNR = 25.74dB); (l) SNSS (PSNR = 26.87dB).

Fig. 4. Visual comparison results of image 69015 at QF = 1. (a) Original
image; (b) JPEG compressed image (PSNR = 23.65dB); (c) SA-DCT [64]
(PSNR = 25.19dB); (d) PC-LRM [65] (PSNR = 25.28dB); (e) ANCE [66]
(PSNR = 25.22dB); (f) BM3D [2] (PSNR = 24.67dB); (g) WNNM [67]
(PSNR = 25.21dB); (h) SSR-QC [26] (PSNR = 25.20dB); (i) CONCOLOR
[27] (PSNR = 25.32dB); (j) LERaG [68] (PSNR = 24.93dB); (k) COGL [69]
(PSNR = 24.91dB); (l) SNSS (PSNR = 25.47dB).

Classic5 dataset (including 5 natural images) [64]. The
average PSNR and SSIM comparison results at nine JPEG
qualities (q = 1, 5, 10, 20, 30, 40, 50, 60 and 70) on these
three datasets are shown in Table IV. In BSD 100 dataset,
we can see that the proposed SNSS consistently obtains
better results than other competing approaches. The proposed
SNSS approach obtains {1.14dB, 0.38dB, 0.31dB, 0.26dB,
0.42dB, 0.30dB, 0.13dB, 0.28dB, 0.21dB, 0.36dB} gains in
PSNR and {0.0249, 0.0077, 0.0097, 0.0068, 0.0091, 0.0105,
0.0065, 0.0091, 0.0071, 0.0066} gains in SSIM over JPEG,
SA-DCT, PC-LRM, ANCE, BM3D, WNNM, CONCOLOR,
SSR-QC, LERaG and COGL for all QF cases, respectively.
On average, the proposed SNSS also achieves better results
than other competing methods in Live1 and Classic5 dataset.

We also compare the proposed SNSS with AR-CNN [25]
method, which is deemed as the benchmark of deep learning-
based image deblocking algorithms. As can be seen in Table V,
our proposed SNSS achieves better PSNR results than AR-
CNN method in all QF cases.

The visual comparison results in the case of q = 1 for
images 302008 and 69015 on BSD 100 dataset are shown
in Fig. 3 and Fig. 4, respectively. We can see that the
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TABLE VI

PSNR (dB) COMPARISON OF BM3D [2], LSSC [9], EPLL [50], LPCA [44], PLOW [71], NCSR [8], GID [72], PGPD [13], AGMM [54], OGLR [73],
NLN-CDR [74] AND SNSS FOR IMAGE DENOISING

TABLE VII

SSIM COMPARISON OF BM3D [2], LSSC [9], EPLL [50], LPCA [44], PLOW [71], NCSR [8], GID [72], PGPD [13], AGMM [54], OGLR [73],
NLN-CDR [74] AND SNSS FOR IMAGE DENOISING

blocking artifacts are obvious in the image decoded directly
by the standard JPEG. For image 302008, it can be seen that

some undesirable artifacts are still produced by SA-DCT, PC-
LRM, ANCE, BM3D, WNNM and COGL methods, while
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TABLE VIII

AVERAGE PSNR (dB) RESULTS OF DIFFERENT DENOISING ALGORITHMS
ON SET12 DATASET [39]

TABLE IX

AVERAGE PSNR (dB) AND SSIM OF MLP [29], TNRD [30] AND SNSS
FOR IMAGE DENOISING ON SET12 DATASET [39]

SSR-QC, CONCOLOR and LERaG approaches often gener-
ate over-smooth effects. For image 69015, one can observe
that SA-DCT, ANCE, BM3D and COGL cannot remove the
blocking artifacts effectively, while PC-LRM, WNNM, SSR-
QC, CONCOLOR and LERaG often over-smooth the images.
By contrast, the proposed SNSS algorithm not only eliminates
the visual artifacts significantly, but also achieves better visual
perception on both details and textures than other competing
deblocking approaches.

B. Image Denoising

In this subsection, we present the experimental results
of the proposed SNSS based image denoising. We evaluate
the effectiveness of the proposed SNSS by comparing it
with several popular or state-of-the-art denoising approaches
including BM3D [2], LSSC [9], EPLL [50], LPCA [44], Plow
[71], NCSR [8], GID [72], PGPD [13],5 aGMM [54], OGLR
[73] and NLN-CDR [74]. It is noticed that all competing
approaches only considered single image NSS prior.6 The
parameter settings of the proposed SNSS model for image
denoising are as follows. The size of each patch

√
b × √

b is
set to 7×7, 8×8 and 9×9 for σe ≤ 30, 30< σe ≤50 and σe >
50, respectively. The number of similar patches c is set to 60,
70, 80, 90 and 100 for σe ≤ 30, 30< σe ≤40, 40< σe ≤50,
50< σe ≤75 and σe >75, respectively. The scaling factors (δ,
ω, τ ) are set to (0.5, 0.04, 0.2), (0.4, 0.04, 0.8), (0.4, 0.02,
0.2), (0.3, 0.04, 0.7), (0.3, 0.02, 0.7), (0.3, 0.01, 0.5) and (0.2,
0.03, 1) for σe ≤10, 10< σe ≤20, 20< σe ≤30, 30< σe ≤40,
40< σe ≤50, 50< σe ≤75 and σe >75, respectively.

We evaluate all competing methods on 13 widely used
images shown in Fig. 2. Zero mean additive white Gaussian
noises are added to those test images to generate the noisy
observations. We present the denoising results at six noise
levels, i.e., Gaussian white noise with standard deviations

5A well-known state-of-the-art image denoising method by using external
NSS prior.

6Different image patches of the degraded image may be selected to the
same Gaussian component in EPLL [50] and aGMM [54] methods, then we
assume these different image patches have similar structures, i.e., using image
NSS prior [1].

Fig. 5. Denoising results of House with σe = 100. (a) Original image;
(b) Noisy image; (c) BM3D [2] (PSNR = 25.87dB, SSIM = 0.7203);
(d) LSSC [9] (PSNR = 25.71dB, SSIM = 0.7313); (e) EPLL [50] (PSNR
= 25.21dB, SSIM = 0.6695); (f) LPCA [44] (PSNR = 24.51dB, SSIM =
0.6518); (g) Plow [71] (PSNR = 24.72dB, SSIM = 0.5874); (h) NCSR [8]
(PSNR = 25.49dB, SSIM = 0.7397); (i) GID [72] (PSNR = 22.38dB, SSIM
= 0.4735); (j) PGPD [13] (PSNR = 26.17dB, SSIM = 0.7195); (k) aGMM
[54] (PSNR = 25.55dB, SSIM = 0.6854); (l) OGLR [73] (PSNR = 25.07dB,
SSIM = 0.6373); (m) NLN-CDR [74] (PSNR = 25.41dB, SSIM = 0.7314);
(n) SNSS (PSNR = 27.09dB, SSIM = 0.7774).

Fig. 6. Denoising results of Barbara with σe = 100. (a) Original image;
(b) Noisy image; (c) BM3D [2] (PSNR = 23.20dB, SSIM = 0.6092);
(d) LSSC [9] (PSNR =y 22.95dB, SSIM = 0.5937); (e) EPLL [50] (PSNR
= 21.89dB, SSIM = 0.5135); (f) LPCA [44] (PSNR = 21.99dB, SSIM =
0.5568); (g) Plow [71] (PSNR = 22.86dB, SSIM = 0.5647); (h) NCSR [8]
(PSNR = 22.70dB, SSIM = 0.5960); (i) GID [72] (PSNR = 21.40dB, SSIM
= 0.4960); (j) PGPD [13] (PSNR = 23.11dB, SSIM = 0.6039); (k) aGMM
[54] (PSNR = 21.92dB, SSIM = 0.5163); (l) OGLR [73] (PSNR = 22.73dB,
SSIM = 0.5755); (m) NLN-CDR [74] (PSNR = 22.12dB, SSIM = 0.5508);
(n) SNSS (PSNR = 23.39dB, SSIM = 0.6233).

{σe = 20, 30, 40, 50, 75 and 100}. The PSNR results
for all competing methods are shown in Table VI. One can
observe that the proposed SNSS achieves better results than
all competing approaches in most cases. On average, our
proposed SNSS enjoys a PSNR performance gain over BM3D
by 0.34dB, over LSSC by 0.35dB, over EPLL by 0.77dB,
over LPCA by 1.28dB, over Plow by 0.84dB, over NCSR by
0.46dB, over GID by 1.59dB, over PGPD by 0.22dB, over
aGMM by 0.51dB, over OGLR by 0.56dB and over NLN-
CDR by 0.88dB. As shown in Table VII, our proposed SNSS
can also achieve better SSIM performance than all competing
approaches in most cases. In particular, in terms of SSIM,
our proposed SNSS consistently outperforms other competing
methods under high noise levels σe ≥ 50 (the only exception
is the image J. Bean for which NCSR is slightly higher than
our proposed SNSS approach).

Moreover, we compare the proposed SNSS with the compet-
ing methods on the Set12 dataset [39], which is still a bench-
mark dataset for image denoising. In terms of PSNR shown
in Table VIII, the proposed SNSS consistently outperforms the
competing methods in seven noise levels.

We also compare the proposed SNSS with two deep
learning-based image denoising methods, i.e., MLP [29] and
TNRD [30]. One can observe that our proposed SNSS achieves
better PSNR and SSIM results than other two competing
methods in Table IX.
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TABLE X

PSNR (dB)/ SSIM COMPARISON OF BM3D [75], L0-ABS [76], ASDS [20], EPLL [50], NCSR [8], JSM [77], L2-R-L0 [78], NLN-CDR [74], ANLR-
DS [21] AND SNSS FOR IMAGE DEBLURRING

Finally, the visual comparisons of images House and
Barbara with σe = 100 are shown in Fig. 5 and Fig. 6,
respectively. One can observe that LSSC, LPCA, NCSR and
GID methods often generate over-smooth effect, while BM3D,
EPLL, Plow, PGPD, aGMM, OGLR and NLN-CDR meth-
ods still suffer from some undesirable artifacts. By contrast,
the proposed SNSS is able to preserve the fine image details
and suppress undesirable artifacts more effective than other
competing methods.

C. Image Deblurring

In this subsection, we apply the proposed SNSS algorithm to
image deblurring. We consider two types of blur kernels in this
article, i.e., 9×9 uniform kernel and a Gaussian kernel with
standard deviation 1.6. Every blurred image is produced by
using a blur kernel to the original image first and then followed
by adding an additive white Gaussian noise with standard
variance σe = √

2. The parameters in image deblurring are
set as follows. The size of each patch

√
b × √

b is set to
6×6 and nonlocal similar patch numbers c = 25. The scaling
factors (δ, ω, τ ) are set to (1, 0.5, 8) and (1, 0.4, 1.3) for
uniform kernel and Gaussian kernel, respectively.

To validate the superiority of the proposed SNSS algorithm
for image deblurring, we compare it with nine advanced non-
blind deblurring approaches,7 including BM3D [75], L0-ABS

7In these competing methods, all color images are converted to grayscale
images (using the luminance channel in YCrCb space.).

TABLE XI

AVERAGE PSNR (dB) AND SSIM OF MLP [79], RED [80] AND SNSS FOR

IMAGE DEBLURRING ON SET12 DATASET [39]

[76], ASDS [20], EPLL [50], NCSR [8], JSM [77], L2-r-L0
[78], NLN-CDR [74] and ANLR-DS [21]. Note that NCSR,
ANLR-DS are recently developed state-of-the-art non-blind
image deblurring approaches. The single NSS prior was used
in BM3D, ASDS, EPLL, NCSR, JSM, NLN-CDR and ANLR-
DS approaches. Table X lists the PSNR and SSIM results for
a collection of 14 color images for all competing approaches.
It can be observed that the proposed SNSS outperforms other
competing approaches in most cases. Specifically, on aver-
age, the proposed SNSS achieves {1.08dB, 1.33dB, 0.80dB,
4.60dB, 0.26dB, 1.97dB, 0.89dB, 1.28dB and 0.60dB} gains
in PSNR and {0.0315, 0.0314, 0.0385, 0.0467, 0.0143, 0.1050,
0.0216, 0.0571 and 0.0198} gains in SSIM over BM3D, L0-
ABS, ASDS, EPLL, NCSR, JSM, L2-r-L0, NLN-CDR and
ANLR-DS for all cases, respectively.

We also compare the proposed SNSS with two deep
learning-based image deblurring methods including MLP [79]
and RED [80]. As shown in Table XI, our proposed SNSS

Authorized licensed use limited to: Universidade de Macau. Downloaded on July 06,2022 at 07:03:27 UTC from IEEE Xplore.  Restrictions apply. 



ZHA et al.: IMAGE RESTORATION VIA SIMULTANEOUS NONLOCAL SELF-SIMILARITY PRIORS 8573

Fig. 7. Visual comparison of Light by image deblurring with uniform
kernel. (a) Original image; (b) noisy and blurred image (9 × 9 uniform
kernel, σe = √

2); (c) BM3D [75] (PSNR = 21.65dB, SSIM = 0.7388);
(d) L0-ABS [76] (PSNR = 20.29dB, SSIM = 0.6633); (e) ASDS [20] (PSNR
=yy 21.61dB, SSIM = 0.7470); (f) EPLL [50] (PSNR = 19.39dB, SSIM =
0.6586); (g) NCSR [8] (PSNR = 22.10dB, SSIM = 0.7773); (h) JSM [77]
(PSNR = 21.84dB, SSIM = 0.7485); (i) L2-r-L0 [78] (PSNR = 20.70dB,
SSIM = 0.6933); (j) NLN-CDR [74] (PSNR = 21.12dB, SSIM = 0.7140);
(k) ANLR-DS [21] (PSNR = 21.72dB, SSIM = 0.7557); (l) SNSS (PSNR
= 22.53dB, SSIM = 0.7979).

Fig. 8. Visual comparison of Starfish by image deblurring with Gaussian
kernel. (a) Original image; (b) Noisy and blurred image (fspecial(’gaussian’,
25, 1.6), σe = √

2; (c) BM3D [75] (PSNR = 30.20dB, SSIM = 0.8849);
(d) L0-ABS [76] (PSNR = 30.30dB, SSIM = 0.8942); (e) ASDS [20] (PSNR
= 30.34dB, SSIM = 0.8638); (f) EPLL [50] (PSNR = 26.20dB, SSIM =
0.8649); (g) NCSR [8] (PSNR = 30.98dB, SSIM = 0.8935); (h) JSM [77]
(PSNR = 30.11dB, SSIM = 0.8614); (i) L2-r-L0 [78] (PSNR = 30.55dB,
SSIM = 0.8975); (j) NLN-CDR [74] (PSNR = 29.90dB, SSIM = 0.8582);
(k) ANLR-DS [21] (PSNR = 30.31dB, SSIM = 0.8855); (l) SNSS (PSNR
= 31.40dB, SSIM = 0.9094).

achieves the same PSNR result with RED method on the
uniform blur, while the proposed SNSS method can obtain a
higher SSIM result than RED. Compared with MLP method,
our proposed SNSS achieves better results in terms of both
PSNR and SSIM.

The visual comparisons of different deblurring approaches
are shown in Fig. 7 and Fig. 8. One can observe that L0-
ABS cannot obtain a visually pleasant result. EPLL and L2-r-
L0 methods usually over-smooth the images and lose some
details seriously. ASDS, JSM and NLN-CDR methods are
all prone to produce some undesirable visual artifacts. While
BM3D, NCSR and ANLR-DS methods can achieve better
visual results than L0-ABS, EPLL, L2-r-L0, ASDS, JSM and
NLN-CDR methods, they often generate some ringing artifacts
or over-smooth effect. The proposed SNSS not only preserves
fine image details, but also removes most of the visual artifacts
more effectively.

D. Algorithm Stability

Because of the existing of block matching operator in our
proposed SNSS algorithm, it is quite difficult to give its
theoretical proof for global convergence. We hereby provide
an empirical evidence to depict the good convergence property

Fig. 9. Convergence behavior. (a) PSNR results versus iteration number for
image deblocking with q = 10; (b) PSNR results versus iteration number for
image denoising with standard deviation σe = 50; (c) PSNR results versus
iteration number for image deblurring with uniform kernel, σe = √

2.

TABLE XII

AVERAGE PSNR (dB) COMPARISON OF INSS, ENSS AND OUR PROPOSED

SNSS METHODS FOR IMAGE DENOISING ON SET12 DATASET [39]

TABLE XIII

AVERAGE PSNR (dB) COMPARISON OF INSS, ENSS AND OUR PROPOSED
SNSS METHODS FOR IMAGE DEBLOCKING ON SET12 DATASET [39]

TABLE XIV

AVERAGE PSNR (dB) COMPARISON OF INSS, ENSS AND OUR PROPOSED

SNSS METHODS FOR IMAGE DEBLURRING ON SET12 DATASET [39]

of the proposed SNSS algorithm. Fig. 9 plots the curves
of the PSNR values versus the iteration numbers for image
deblocking with q = 10 for images C. Man, Parrot, Monarch
and Airplane, image denoising with standard deviation σe =
50 Gaussian white noise (including images C. Man, House,
Peppers and Starfish), as well as image deblurring with
uniform kernel, σe = √

2 (including images boats, Parrots,
Airplane and Starfish). All test images are derived from
Set12 dataset [39]. One can clearly see that with the increase
of iteration numbers, all PSNR curves of the reconstructed
images increase monotonically and finally become flat and
stable. Thus, we conclude that the proposed SNSS algorithm
enjoys a good convergence property.

E. Ablation Study

In this subsection, we implement an ablation study of
the proposed SNSS model, by removing the internal NSS
prior part and external NSS prior part in the proposed SNSS
based image restoration algorithm of Eq. (16). Its variants are
simplified into internal NSS prior-based SSR image restoration
algorithm and external NSS prior-based image restoration
algorithm, which are denoted as INSS and ENSS, respec-
tively. We give three image restoration application results on
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Fig. 10. Visual quality comparisons of image denoising on two images
on Set12 [39] with σe = 100. The highest and second highest PNSRs are
highlighted by red and blue, respectively.

Set12 dataset [39]. Specifically, the average PSNR results of
image denoising, image deblocking and image deblurring are
shown in Table XII, Table XIII and Table XIV respectively,
obtained by our proposed SNSS based image restoration
algorithm, as well as its two variants. Note that we used the
method proposed in [13] to image denoising as ENSS result,
because the external NSS prior in our proposed SNSS model
is quite similar to [13]. One can observe that the proposed
SNSS achieves the best restoration results with comparison
to other two competing methods. Hence, this ablation study
shows that both the internal NSS prior and external NSS prior
contribute significantly to the success of the proposed SNSS
model.

To better understand how these two complementary NSS
priors work for different types of images, we used image
denoising as an example to illustrate some reconstructed
image examples of different natures using the proposed
SNSS, and its two variants. Fig. 10 (A) shows the denoising
results of an image with strong self-similarity (i.e., similar
or repeating textures). ENSS method cannot exploit such
pattern effectively because the features of external image
corpus are not guaranteed to match the processed image
sufficiently, and therefore it leads to undesired result. The
proposed SNSS method then relies more on the contribution
from the internal NSS prior. Fig. 10 (B) shows the denoising
results of an image with diverse textures. The test image
is highly corrupted by noise, INSS method alone cannot
recover the destroyed details well due to its limited model
complexity. For this case, the proposed SNSS relies more on
the contribution from the external NSS prior.

VII. CONCLUSION

Different from traditional single NSS based methods, this
article proposed a new SNSS approach for image restoration
by searching and grouping nonlocal similar patches from a
training image corpus, and a group-based GMM learning
algorithm has developed to learn an external NSS prior. We
employed the SSR model by integrating the NSS priors of both
the internal image and the external image corpus, thus the
proposed SNSS can exploit mutually complementary image
information. Moreover, an alternating minimization with an
adaptive parameter adjusting strategy has been developed to
solve the proposed SNSS based image restoration problems,

making the entire algorithm stable and practical. Experimental
results on image denoising, deblocking and deblurring appli-
cations demonstrated that the proposed SNSS outperforms
many popular or state-of-the-art image restoration algorithms
in terms of objective and visual perception.
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