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Abstract—Image local structural prior and non-local selfsimilarity (NSS) prior are two categories of priors which have
been commonly used for solving the ill-posed image restoration
problem. As they exploit different properties of the natural
images, it is interesting to investigate whether the two categories of priors can be combined to achieve better restoration
performance. Inspired by recently proposed Regularization by
denoising [1] idea, we propose LNIR which incorporates a
Local CNN denoiser prior and a NSS-based denoiser prior
implicitly for Image Restoration. Our experimental results on
the image deblurring and super-resolution tasks demonstrate
the effectiveness of the proposed method. The proposed LNIR
algorithm can not only flexibly adapt to different restoration
tasks, but also delivers state-of-the-art restoration results.

I. I NTRODUCTION
Image restoration (IR) is a fundamental problem in the area
of signal processing and computer vision. IR aims to estimate
the latent image x from its degraded observation
y = Hx + v,

(1)

where H is the degradation matrix and v is, usually, the additive white Gaussian noise of standard deviation σ. Although
it has been intensively studied for decades, the proposed
restoration solutions still can not fulfill the needs of high
quality images and image restoration is still a very active topic.
The main challenge of image restoration is that information
has been lost during the degradation process rendering the
problem ill-posed. In order to compensate for the information
loss, priors of high quality image are required to provide
supplementary information. As it is impossible to directly
model the prior of a high dimensional image space, most of
previous approaches capture image prior locally. For example,
by regularizing the `1 norm of image gradients, the Total
Variational (TV) [2] model imposes a first-order smoothness
prior on image local structures. Markov Random Field (MRF)
approaches [3], [4] utilize the potential function to characterize
the relationship between image local pixels. Sparse representation based methods [5] learn dictionaries to build prior models
for image patches. Recently, profiling from the unparalleled
nonlinear modeling capacity of deep neural network (DNN),
DNN-based restoration methods [6], [7], [8] are able to exploit
information from a larger area. However, as the network
gradually summarizes the information from image local area,
the DNN-based methods are still local models.
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Fig. 1. Denoising results (input image noise level σ = 50) by state-of-the-art
Local-based approach [6] and NSS-based approach [12]. Profiling from the
NSS-prior, the WNNM approach is able to recover the repetitive seams on the
bridge; while, on those areas with irregular textures, the local-based DnCNN
approach performs better and keeps more details in the recovered image.

Besides the local model, another category of restoration
methods take benefit from image non-local self-similarity
(NSS) prior. The NSS prior builds upon the existence of
repeated local patterns across a natural image. The NSS prior
was first found and adopted for image restoration in [9],
the seminal work introducing the non-local means (NLM)
algorithm. After NLM, a great number of proposed methods
exploited the NSS prior. One representative work is the
classical BM3D algorithm [10], which utilizes a collaborate
filtering approach to jointly denoise a group of NSS patches.
Some recent studies exploit the NSS prior under the sparse
representation [11] or the low rank modeling framework [12].
Although both the NSS-based and the local-based methods
have achieved great successes in different restoration tasks,
the two categories of approaches have their respective merits
and drawbacks. In Figure 1, we present the denoising results
by two state-of-the-art methods based on NSS and local prior,
resp. As can be seen in the figure, for the area with repetitive
pattern, the WNNM algorithm takes full benefit from the NSS
prior and delivers much better restoration results than the localbased DnCNN denoiser; while, for the irregular structures the
elaborated local prior helps DnCNN to keep more details in the
denoising results. The respective merits of the NSS prior and
of the local prior inspired us to investigate the integration of
both beyond the late fusion of different results [13], [14], [15],
[16]. One previous attempt for incorporating the two priors
for restoration has been made by Lefkimmiatis in [17]. He
embedded the NSS prior into a discriminative learned network

and, thus, the model must be retrained for each restoration
task. Furthermore, as [17] needs to perform block-matching
on the degraded observation, it can not takes benefit from the
intermediate estimation to better exploit the NSS prior.
We propose a LNIR framework to integrate the Local
prior and the NSS prior for Image Restoration. Inspired by
recent studies in regularization by denoising technique [1], we
incorporate image prior for IR in an implicit way. Specifically,
we utilize the half-quadratic splitting (HQS) method [18] to
solve our latent objective function, it allows us to decouple
the degradation-related fidelity term and the prior terms.
After decoupling, we can implicitly model image prior with
denoisers. As a result, previous NSS-based and local-based
denoisers can be embedded into the optimization process to
provide specific types of priors. In addition, such a decoupling
makes the proposed LNIR method a highly flexible model, by
changing the data fidelity term in our objective function, the
proposed model can adapt to different restoration tasks.
The main contributions of this work are:
• By embedding a NSS-based denoiser and a local-based
denoiser into an optimization framework, we incorporate
the two types of priors simultaneously for solving the
image restoration problem.
• The proposed methods can flexibly adapt to different
restoration tasks. Our experimental results on the image
deblurring and super-resolution tasks have validated the
effectiveness of the proposed model.

random field (MRF) models [3], [4], variational models [2]
and the sparsity-based models [5] have been introduced for
solving the image restoration task. Capturing certain characters
of high quality natural images, these explicit prior models can
be easily adapted to different restoration tasks by changing the
fidelity term 2σ1 2 ky − Hxk22 in (2).
Besides the above generative models, another category of
studies investigate the image restoration problem in a discriminative point of view: the likelihood and prior information are
directly embedded into certain operations. Taking benefit from
recent advances in discriminative learning approaches and
large scale task-specific training data, different discriminative
models [19], [20], [21], [7], [8], [6] have been proposed to
deal with the image restoration problem. One representative
category of models is the DNN-based approach, which utilizes
a DNN to generate enhanced estimation directly from the
corrupted input. Due to the unparalleled non-linear modeling
ability of deep neural networks (DNN) and the availability
of large scale task-specific training data, DNN-based methods
have achieved state-of-the-art performance on various image
restoration applications. However, since both the degradation relationship as well as the prior information have been
embedded into the restoration network, these implicit DNNbased models have limited generalization capacity. As a result,
specific networks need to be trained for different tasks with
different parameters.

II. R ELATED W ORKS

Since both the discriminative and generative restoration
models have their respective merits and drawbacks, this has
suggested a category of hybrid approaches. The basic idea of
these algorithms is to decouple the fidelity term and regularization term in the generative optimization framework (2),
and to write the prior-related regularization term in a proximal
formula:
1
(3)
x̂ = arg min 2 ky − xk22 + αΦ(x).
x 2σ
(3) is exactly the objective function of a MAP Gaussian
denoising problem and, thus, the proximal sub-problem can
be replaced with a discriminative Gaussian denoiser.
Different splitting strategies have been suggested for decoupling the fidelity term and regularization term. In [22]
and [23], Danielyan et al. analyzed the deblurring problem in
a Nash equilibrium and augmented Lagrangian point of view,
solving the deblurring problem with a BM3D denoiser. Based
on the ADMM algorithm [24], a plug-and-play framework has
been suggested in [25]. Recently, Yaniv et al. [1] analyzed
a wide range of optimization algorithms and proposed the
regularization by denoising framework.
Also, different denoisers have been utilized to solve other
restoration problems. Early works [22], [23], [25] tend to
utilize the classical BM3D denoiser [10], which take benefit
from the NSS prior for denoising. Recently, discriminative
learning methods, such as DnCNN [6] and TNRD [26] have
been deployed as the prior for restoration. As we have analyzed in the introduction section, these denoisers exploit only

In this section, we firstly provide a very brief review of
recent image restoration approaches and, then, show how
image denoising algorithms can be utilized as priors for
different restoration tasks.
A. Image restoration
As introduced in section I, image restoration aims to recover the latent clean image x from its degraded observation
y = Hx + v. Typical restoration problems include denoising,
where H is an identity matrix; deblurring, where H represents
a convolution operation with kernel k; super-resolution, where
H corresponds to a combination of downsampling and blurring
operations and inpainting, where H is a binary indicating
matrix. In early years, the studies of different restoration tasks
converge to the image prior modeling problem. For different
likelihood p(y|x) of observation, the same prior model p(x)
can be adopted to estimate the latent clean image under
the Bayesian framework. The Maximum a Posteriori (MAP)
estimation of clean image x̂ can be obtained by solving the
following optimization problem:
x̂ = arg min
x

1
ky − Hxk22 + αΦ(x),
2σ 2

(2)

where the fidelity term 2σ1 2 ky − Hxk22 comes from the loglikelihood logp(y|x) and the regularization term comes from
the log-prior logp(x). Under such a Bayesian framework, a
wide range of prior modeling approaches, such as the Markov

B. Image restoration with denoiser prior

one aspect of image prior and still have a great space for
improvement. In this paper, we show that, by incorporating
two categories of denoiser simultaneously, we are able to
take benefit from both types of image priors and get better
restoration results.
III. T HE P ROPOSED M ODEL
To exploit image NSS prior and local prior for image
restoration, we incorporate the two types of priors and rewrite
the general form of image restoration problem (2) as:
1
ky − Hxk22 + αΦN (x) + βΦL (x),
(4)
2σ 2
where ΦN (x) represents the NSS-based regularization term
and ΦL (x) is the local-structural regularization term, α and
β are regularization parameters. It is worth noting that, (4) is
just for analyzing our algorithm, and ΦN (x) and ΦL (x) can
be defined implicitly without specifying the concrete formula.
Solving the above objective function with the HQS strategy,
we introduce two alternative variables s and t, then, (4) can
be rewritten as:
1
min 2 ky−Hxk22 +λkx−sk22 +λkx−tk22 +αΦN (s)+βΦL (t),
x 2σ
(5)
where λ is the penalty parameter and it will gradually increased to compact the difference between x and its alternative
variables in the optimization process.
Updating the s, t and x sub-problems alternatively, we get
the following steps:

k+1

= arg minx 2σ1 2 ky − Hxk22 + λkx − sk k22 + λkx − tk k22 ,
x
tk+1 = arg mint λkxk − tk22 + βΦL (t),

 k+1
s
= arg mins λkxk − sk22 + αΦN (s).
(6)

Algorithm 1 LNIR algorithm for image restoration
Input: Input image y, regularization parameters α, β, hyperparameter λ, ρ; CNN denoisers {DCN N (∗; σ1 )}i=1,...,N ,
WNNM denoisers {DW N N M (∗; σ1 )}i=1,...,N
1: for k=1:K do
2:
Solving the x sub-problem
in Eq. (6)
p
3:
tk+1 = DCN N (xk ; β/2λ)
p
4:
sk+1 = DW N N M (xk ; α/2λ)
5:
λ=λ×ρ
6: end for
Output: Restoration result x

min
x

Now, the local-based regularization term ΦL (x) and the NSSbased regularization term ΦN (x) have been decoupled into
two proximal problems. Thus, we are able to incorporate
two denoisers in our optimization framework, one denoiser
introduces the NSS prior and the other denoiser utilizes the
local-structural prior.
To achieve the best restoration performance, we utilize a
CNN Gaussian denoiser and the WNNM denoisers [27] in
our algorithm, which are considered to be the best local-based
and nonlocal-based approaches, respectively. Specifically, we
follow the work in [28], and utilize their CNN denoiser which
consists of seven convolution layers. We directly utilize the
models provided by the authors, which include 25 denoisers
on noise level range [0, 50] with noise level interval 2. For
more details about the CNN denoiser utilized in this paper,
please refer to [28]. By adopting the CNN denoiser as the
implicit local
step in (6) as tk+1 =
p prior, we can rewrite thek tp
k
DCN N (x ; β/2λ), where DCN N
p(x ; β/2λ) means using
a CNN denoiser with noise level β/2λ to process the input
image xk .
For the WNNM denoiser [12], we download the code
from the authors website. To improve the processing speed,

we reduced the iteration steps and added the step length
in the original code provided by the authors. The tunning
of parameters improves the speed of WNNM at a cost of
slightly reducing the denoising performance. Similar to the
t sub-problem, with the WNNM
p denoiser, we can write the s
subproblem as DW N N M (xk ; α/2λ).
After replacing the s and t sub-problems with denoisers,
we still have a degradation related x sub-problem in (6).
Based on different properties of degradation matrix H, the
x sub-problem can be solved in different ways. For the image
deblurring problem, the matrix H is a block circulant with
circulant block (BCCB) matrix, and its Fourier transform leads
to a diagonal matrix; we can directly get the closed-form
solution of the x sub-problem in the Fourier domain. More
details about how the special property of BCCB matrix can
be utilized for speed up convolution-related problems can be
found in [29]. While, for the super-resolution problem, the
BCCB condition does not hold for H; we utilize gradient
descent method to solve the x sub-problem, which leads to
a few steps of back-projection [30] operations.
With all the information above, we summarize the proposed
algorithm in Algorithm 1.
IV. E XPERIMENTAL R ESULTS
We evaluate the proposed LNIR model in comparison with
state-of-the-art as well as baseline methods on the non-blind
image deblurring and single image super-resolution tasks.
A. Single image super-resolution
Single image super-resolution (SISR) is an important
restoration task, aiming to generate a high-resolution (HR)
image given a low-resolution (LR) image. Generally, the
degradation model of SISR problem is assumed to be y =
D↓ kx + v, where D↓ and k are the downsampling and the
blurring operations, resp. Due to the blurring and downsampling operations, the noise v in super-resolution problem is
often assumed to be very small.
A great number of super-resolution algorithms have been
proposed in recent years, and most of existing approaches
adopt a discriminative model which directly learns a mapping
function to capture the relationship between the LR and
HR images. Although these approaches have achieved very
high PSNR scores under the commonly utilized experimental
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Fig. 2. The super-resolution results by different methods on the Barbara image. Images in the first row are the results for the bicubic downsampling setting,
and the images shown in the second row are the results for the Gaussian blur + downsampling setting.
TABLE I
S UPER - RESOLUTION (×3) RESULTS (PSNR) ON S ET 5 AND S ET 14.

Kernel
NCSR [11]
VDSR [8]
IR-CNN [28]
IR-WNNM
LNIR (ours)

Set 5
Bicubic
Gaussian
33.02
33.67
30.54
33.39
33.38
33.33
33.35
33.58
33.68

Set 14
Bicubic
Gaussian
29.26
29.77
27.80
29.61
29.63
29.49
29.53
29.66
29.73

protocol [31], [7], [20], [32], [8], e.g. the LR image is achieved
by performing a bicubic downsampling operation on the HR
image, they have limited capacity in adapting to different
downsampling types. As analyzed in [33], the performance of
discriminative learning based algorithms deteriorates seriously
when the blur kernel adopted in the training phase deviates
from the real one. Thus, to thoroughly evaluate the capacity of
different algorithms, we not only compare different methods
with the commonly used bicubic downsampling setting, but
also test different algorithms on LR images generated by Gaussian blurring (Gaussian blur kernel size 7×7 with standard
deviation 1.6) and downsampling as utilized by some previous
optimization-based methods [11], [34].
The regularization parameters α and β in our algorithm are
set as 1/3 and 2/3, resp. We assumed the local prior to be
more important than the NSS prior for natural images. For
each step of x sub-problem in (6), we perform 5 steps of
back-projection operations. We adopted the HQS parameters
λ
√
and K in [28], which gradually reduce the value of 2λ from
12*factor to factor. We compare the proposed LNIR algorithm
with representative super-resolution algorithms. Specifically,
one optimization-based approach, the NCSR [11] method, and
one discriminative learning approach, the VDSR [8] method,
are utilized to evaluate the proposed methods. Note that VDSR
is one of the best super-resolution algorithms. To validate the
effectiveness of combining image NSS-prior and local prior,
we also present the results of our baseline methods IR-WNNM

and IR-CNN [28] which utilize only the NSS-prior and only
the local prior, resp. It is noteworthy that the IR-CNN [28]
method was proposed recently and achieved state-of-the-art
performance on different restoration tasks, while IR-WNNM
is our variant replacing the CNN denoiser local prior with the
WNNM [12] denoiser NSS-prior.
The PSNR results by different methods on the Set 5 and
Set 14 datasets [20] for magnification factor ×3 are shown
in Table I. We follow previous experimental settings and
perform super-resolution and compute PSNR on the luminance
channel Y in the transformed YCbCr space. From the Table I,
one can see that the proposed LNIR algorithm outperforms
both the two baseline methods IR-CNN and IR-WNNM,
clearly showing the advantage of integrating the local and
non-local priors. Compared with the state-of-the-art VDSR
approach, LNIR achieved comparable results on the bicubic
downsampling experimental setting and much better results
on the Gaussian blur + downsampling experimental setting.
One should know that VDSR should also be able to achieve
high quality results for the {Gaussian blur + downsampling}
setting if the model was trained on the same type of training
data. We use the same VDSR model to process different types
of LR images for showing its limited capacity in adapting to
different degradation types.
Two visual examples of the super-resolution results by
different methods can be found in Figure 2 and 3. One can
see that the proposed LNIR method is able to generate high
quality super-resolution results. Especially, as our algorithm
exploit the image NSS-prior, it performs much better than the
local-based method in the areas with repetitive patterns.
B. Image deblurring
In this section, we evaluate the proposed algorithm on
another important image restoration task: the non-blind image
deblurring problem. The degradation model of image deblurring is assumed to be y = Kx+v, where kx denotes conducting
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Fig. 3. The image super-resolution results by different methods on the ppt image. Images in the first row are the results for the bicubic downsampling setting,
and the images shown in the second row are the results for the Gaussian blur + downsampling setting.
TABLE II
N ON - BLIND IMAGE DEBLURRING RESULTS (PSNR) ON THE 3 TESTING IMAGES .
Kernel
MLP [36]
NCSR [11]
IR-CNN [28]
IR-WNNM
LNIR (ours)

K1[35]
32.41
32.11
31.90
32.70

Cameraman
K2[35]
K3[35]
31.97
31.51
31.94
31.75
31.50
31.25
32.41
31.85

Gaussian
27.84
27.99
28.06
27.26
28.06

K1[35]
35.64
35.28
35.47
35.68

a convolution operation on image X with kernel k. According
to whether the kernel is provided, image deblurring can be
divided in the blind one and the non-blind. In this paper, we
only study the non-blind deblurring problem, which assumes
the blur kernel is given. The non-blind deblurring problem
often worked as a key step in blind deblurring approaches.
We use the same parameters α = 1/3 and β = 2/3 as in the
super-resolution experiments. As discussed before, the closedform solution of x sub-problem for the deblurring task can be
achieved efficiently, which enables us to increase the λ value
faster. We, thus, set K in our algorithm to 20 for the deblurring
task. The comparison methods including a discriminative
learning approach MLP [36] and a optimization-based method
NCSR [11], and our baseline approach IR-CNN. We take the
three classical gray images used in [28] as testing images,
and evaluate different algorithms on the three images with
different kernel settings. Specifically, four kernels have been
adopted, including the Gaussian kernel with standard deviation
1.6 and the first three real motion kernels provided in [35].
After blurring, a small Gaussian noise with σ = 2 is added.
The 3 ground truth images in combination with 4 kernels lead to 12 blurry testing images. The deblurring results
achieved by different algorithms are shown in Table II. One
can see that the proposed LNIR method achieved the best
deblurring results on 10 out of 12 test images. Specifically,
the proposed LNIR approach outperforms the baseline IRCNN
method by a large margin, which validates our assumption that
the NSS prior if helpful to further improve the performance of
local-based approaches. A visual example of deblurring results
by different algorithm are shown in Fig. 4. The proposed LNIR

House
K2[35]
K3[35]
35.55
35.96
35.21
35.39
35.40
35.51
35.59
35.65

Gaussian
33.43
33.38
33.79
33.4
34.07

K1[35]
33.76
34.28
34.05
34.33

K2[35]
33.38
34.09
33.72
33.82

Lena
K3[35]
33.36
34.04
33.46
33.41

Gaussian
31.10
30.99
31.14
30.62
31.35

shows a clear advantage in recovering more image details than
IRCNN while having much fewer artifacts than NCSR.
C. Running time
The proposed LNIR algorithm iteratively solves a NSSbased and a CNN-based denoising problem. Since the adopted
NSS-based algorithm WNNM is time consuming, the proposed
algorithm is very slow. With an Intel i7 4790 CPU, it takes
about 495 seconds for LNIR to deblur a 256 × 256 image,
while for IR-CNN [28] and NCSR [11] approaches it takes
9.8s and 104s, respectively. How to more efficiently integrate
local and non-local priors for achieving good image restoration
results is an important research direction.
V. C ONCLUSION
In this paper, we proposed LNIR, an approach which
incorporates both the local-structural prior and NSS prior
for image restoration. Firstly, we designed a latent objective
function incorporating both the two types of image priors and
analyzed its optimization process with the HQS approach.
Then, by decoupling the prior terms into a series of proximal
sup-problems, we adopted two denoisers, e.g. the local-based
CNN denoiser and the NSS-based WNNM denoiser, to
incorporate different types of prior in an implicit way.
Finally, we validated the proposed model on the single image
super-resolution task and the non-blind image deblurring task.
The experimental results shown that our LNIR can adapt
to different restoration tasks and generate state-of-the-art
restoration results. Our work validates the effectiveness
of integrating the local-structural prior and the NSS prior,
and it is expected to trigger further investigation of more
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Fig. 4. The non-blind image deblurring image results by different methods on the Lena image, where kernel K2 [35] was used.

sophisticated ways to benefit from the two types of priors.
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