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Currently superresolution from a motion blurred image still remains a challenging task. The conventional approach, which
preprocesses the blurry low resolution (LR) image with a deblurring algorithm and employs a superresolution algorithm, has the
following limitation. The high frequency texture of the image is unavoidably lost in the deblurring process and this loss restricts the
performance of the subsequent superresolution process. This paper presents a novel technique that performs motion deblurring
and superresolution jointly from one single blurry image. The basic idea is to regularize the ill-posed reconstruction problem using
an edge-preserving gradient prior and a sparse kernel prior. This method derives from an inverse problem approach under an
efficient optimization scheme that alternates between blur kernel estimation and superresolving until convergence. Furthermore,
this paper proposes a simple and efficient refinement formulation to remove artifacts and render better deblurred high resolution
(HR) images. The improvements brought by the proposed combined framework are demonstrated by the processing results of
both simulated and real-life images. Quantitative and qualitative results on challenging examples show that the proposed method
outperforms the existing state-of-the-art methods and effectively eliminates motion blur and artifacts in the superresolved image.

1. Introduction

Image superresolution is a technique designed to improve
the resolution of images obtained by LR sensors avoiding
blurring and artifacts. This technique is generally employed
to exceed the inherent limitations of LR imaging (e.g., mobile
smartphone or portable digital cameras) and make better use
of the growing capability of HR displays (e.g., high-definition
television (HDTYV)), which are relatively inexpensive to
complement [1-3].

Approaches to superresolution can be mainly divided into
three categories including interpolation-based magnification
methods, reconstruction based methods, which make use
of different observations of the same scene captured with
subpixel displacements to produce a superresolved image,
and learning-based methods [4]. The methods of the first type
(such as New Edge Directed Interpolation (NEDI) [5] and
Directional Cubic Convolution Interpolation (DCCI) [6]) are

fast and noncomplex. However, they are ineffective under
blurry and noisy cases. The second type (e.g., maximum a
posteriori (MAP) [7], projection onto convex set (POCS)
[8], etc.) relies on the accuracy of the required subpixel
registration process, which is even more difficult in the
superresolution setting. The type later known as single image
superresolution is based on machine learning techniques,
with the attempt to exceed some of the limitations mentioned
above. Yang et al. [9] use a sparse representation for training a
sparse dictionary pair containing HR/LR patch pairs. The
missing high-frequency information (i.e., edge details) is
constructed by conducting a combination of patches chosen
from the pretrained prototype structures (i.e., dictionary
atom) [4] and the performance of this process depends much
on the content of the training dataset.

Although a lot of progress has been made in the past
decade, superresolving real-life images still remains an ardu-
ous task. The majority of existing superresolution algorithms



assume the blur kernel to be identical, typically modeled as
a symmetric Gaussian function [10, 11]. However, in practice
the motion of objects and cameras can be arbitrary and the
acquisition may be contaminated with noise and motion
blurring. Only a limited number of works were dedicated
to superresolving the motion blurred LR image. In general,
the motion blurred LR image is first preprocessed with a
deblurring algorithm, followed by the use of a superresolving
algorithm. This framework has proven to be effective by Lu
and Wu [12]. While this method works well for slight blur-
ring, it has difficulty dealing with a complicated blur kernel
and relies heavily on a heuristic overcomplete dictionary. So
it is often unstable when handling real-life image.

This paper proposes a joint blind-deblurring and super-
resolution algorithm from one single image that combines
gradient and motion blur kernel prior in a coherent frame-
work. Multiple constraints are adopted to obtain an accurate
motion blur kernel and a satisfactory HR image. A guided
filter based refinement formulation is then applied to further
improve the HR image quality. Various results are provided to
show that the proposed method can effectively remove the
motion blur and preserve complex image structures and the
fine edge details while suppressing the ringing artifacts. On
average, the proposed method outperforms other state-of-
the-art deblurring and superresolution methods.

The rest of the paper is organized as follows. Section 2
introduces an observation model for single image superres-
olution reconstruction and analyzes the statistic properties
of real-life images. The proposed algorithm is described in
detail in Section 3. Experiment results and comparison are
presented in Section 4. Section 5 concludes the paper.

2. The Proposed Framework

Motion blur caused by camera shake has been a prime cause
of poor image quality in real applications, particularly in
portable digital imaging. Generally, given a blurry input
image Y, the imaging model is expressed as

Y = DHX +N, 1)

where X is the unknown image to be estimated, D and H
are degrading operators, and N is the noise effect. When D is
identity and H is a motion blurring operator, the restoration
process becomes deblurring. The goal of motion deblurring
is to deduce both H and X from a single blurry image Y.
The solution to (1) with L2-norm fidelity constraint, that is,
(X,H} = argminf{||HX - Y||§}, is generally adopted. When
D and H represent downsampling and blurring, respectively,
the restoration process becomes single image superresolu-
tion. The HR image X and motion blur kernel H are given by
{(X,H} = argmin{|DHX - Y||§}. The uniform downsampling
operator D is assumed to be known in advance.
Mathematically, both single image superresolution and
deblurring are severely ill-posed inverse problems, and these
two similar problems can be incorporated into a single
optimization framework. This paper proposes a joint motion
deblurring and superresolution method to estimate both the
motion blur kernel and an HR image from a single blurry
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image. To solve this difficult inverse problem, the proposed
method implements a regularized least-square optimization
framework as follows:

(x.7)
)
= argmin {|[DHX - Y| + &+ Q(VX) + B+ R (H)},

where |DHX — Yllg is the data fitting term and Q(VX) and
R(H) are regularization terms for the latent image gradients
and the motion blur kernel, respectively; « and 8 are the
weights for controlling the extent of regularization.

Empirically, regularization has been described from both
the algebraic and statistical perspectives. The existing meth-
ods tend to explore effective priors to get the ill-conditioned
problem well regularized. The priors include total variation
(TV), image edge transparency, and sparse approximation.
However, these prior models cannot preserve the sharp edges
of real-life images. As shown in Figure 1, the logarithmic
image gradient histogram of four natural images is a heavy-
tailed distribution. This distribution shows that the image
primarily contains small or zero gradients; however, a few
gradients have large magnitude. Chen et al. [13] and Cho et
al. [14] use a certain parametric model to approximate the
heavy-tailed prior of natural image and to estimate the blur
kernel.

The heavy-tailed prior of natural image imposed on
image gradients can be regarded as an approximation of
LO-norm [15]. Thus the second term Q(VX) in (2) uses
the LO-norm regularization on image gradients which can
preserve the sparsity of the natural image gradients. The
image gradient VX = (9,X,9,X)” for each pixel p is
calculated along the horizontal and vertical directions. This is
defined as

QVX) = VX, = #{p | [o.X,| +

3,X,|#0}, (3

where ||-||, is the LO-norm that counts the number of nonzero
values of VX. Moreover, the last term R(H) in (2) is typically
L2-norm stable regularization for the motion blur kernel.
Consider

R(H) = |H]j. (4)

3. Optimization

Figure 2 shows the flow diagram of the proposed joint motion
deblurring and superresolution method, given an initial
blurry image. First, the proposed method initializes the blur
kernel using the initialization method presented in [16] and
then iteratively estimates the latent image and refining the
blur kernel until we obtain convergence. In the optimization
process, the kernel estimation error would converge to a
constant value. Finally, the HR image is constructed by
deconvolution and artifact removal with an estimated blur
kernel.

3.1. Problem Formulation. Equation (2) is a nonconvex min-
imization problem for LO-norm regularization. This means
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FIGURE I: The heavy-tailed distribution on image gradients. (a) Four natural images of natural scenes. (b) The distribution of gradient of the
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FIGURE 2: The flow diagram of the proposed joint motion deblurring and superresolution method.

that many of the existing LO-norm optimization meth-
ods are not applicable. Instead, a conjugate gradient (CG)
method may be used to solve this problem; however, typical
CG methods require expensive computation due to many
unknown quantities and have poor convergence. In order
to numerically find the solutions to (X, H), an alternating
direction method (ADM) [16] is adopted which can be
efficiently solved in the frequency domain using fast Fourier
transforms (FFTs). The solution can be found using the
following equations:

X = arg min {|DHX - Y| +a-Q(VX)}, )
X

H = arg min {|DHX - Y|+ B- R (H)}. 6)
H

To avoid local minima, this method implements a pro-
gressive coarse-to-fine scheme. First, an initial blur kernel

H at full resolution is specified. At the coarsest level, the
downsampled version of H and X is used as an initialization.
Then, the estimate of X is obtained at a coarse level while
holding H fixed. These values of H and X are upsampled by
bicubic interpolation and then act as the input of the next
finer level. In this paper, seven iterations were performed at
each level.

3.2. Estimating X with H. Due to the incorporation of Q(VX)
(LO-norm term), (5) is commonly regarded as an intractable
discrete optimization problem. Traditional discrete opti-
mization methods may not be used to solve this problem.
Based on the idea of ADM, the proposed method adopts a
half-quadratic splitting L0 minimization method [17, 18] to
solve it. The proposed method introduces auxiliary variables
h and v which correspond to 9,X and 0,X, respectively.
Then, defining A as the automatically adapting parameter



to control the similarity between variables (h,v) and their
corresponding gradients, (5) may be rewritten as

arg min {llDHX - Y||§ +a-Q(h,v)+A
(X,hv)

(7)
(@,x-h)+@,x-v)")},

where
Q(hv)=#{p||h|+|v,|#0}. (8)

The solution of (7) approaches (5) when A is very large.
With this formulation, the proposed method fixes the blur
kernel H and optimizes (7) over X using the half-quadratic
L0 minimization solver (see [18] for detail). Equation (7)
is solved through alternatively minimizing (h,v) and X as
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shown in (9) and (10). In each step, the solution of X is
obtained by solving

min {|DHX - Y[ +1-((8,X - h*+@,x-v}. ()

The function is quadratic, thus having a global minimum
that can even be found with descending gradient. It can be
solved by differentiating (10) and setting the partial derivative
to zero. Given X, the objective function for (h, v) is

1(1;11)1 {oc-Q(h, v)+)t-((ahX—h)2+(avX—v)2)}. (10)

The closed-form solutions for (9) and (10) are obtained
based on the half-quadratic splitting L0 minimization
method and Parseval’s theorem. Consider

% ) ( FH)oF (D)o F(Y) +A(§(ah)o9~'(h) +§(av)®9(v)) ) W
=zG/T p— — m— p— >
F(H)oF (D)oF (D)o F (H)+A(F (3,)0F (3,)+F (8,)0F (3,))
,0), 3,X)" +(3,X) < <,
() (0,0) (0,X)" +(9,X)" < 5 @)
(0,X,0,X), otherwise,

where F is the FFTs operator and % ' denotes the inverse
FFTs; §(~) is the complex conjugate; ® is the element-wise
multiplication. Element-wise operators are used to speed up
the process in the Fourier domain.

3.3. Estimating H with X. In the kernel estimation step, the
proposed method fixes X and updates H using CG method
and accelerating the computation by FFTs. This is a least-
square problem and it can be solved by simply setting the
partial derivative to zero. Since H and D are block circulant
matrices, the estimation of the blur kernel H can be repre-
sented by (13) according to Parseval’s theorem. One has

FI:F/T‘1<_ %E()@&«‘(D)@?(Y) ) 13)
F(X)oF D)o F D)o F (X)+

Motion blur kernel, which describes the trace of a sensor’s
motion during exposure, only contains positive components.
Therefore, this paper sets all element values below 1/40 of
the maximum value to 0 and normalizes the kernel whereby
the sum becomes 1. The sparsity of the refined blur kernel is
reserved in the primary structures.

3.4. Artifact Removal. In the previous section, the proposed
method obtains satisfactory HR image through (11) and
(13), as shown in Figure 3(b). Although the motion blur
kernel can be estimated accurately, the proposed formulation
with prior LO-regularization produces oversmoothed results
and eliminates many image details. The fast deconvolution

method [19] with Hyper-Laplacian priors effectively pre-
serves details. However, it is subject to the ring effect as shown
in Figure 3(c).

In the view of the above-mentioned facts, an artifact
removal method is proposed that uses the following approach
(see Figure 4). First, the motion blur kernel H and the HR
image X, are estimated by using the proposed method.
Second, the HR image X, is estimated by using the method
of Krishnan and Fergus [19] with the estimated kernel H,
and then a difference map between these two estimated
HR images is computed. Ring artifacts are subsequently
removed with a guided filter (GF) [20]. Finally, filtered
detail components are added in the HR estimator X, while
details are further enhanced using the geometric locally
adaptive sharpening (GLAS) enhancement method [21]. This
proposed artifact removal method leads to superior visual
quality (see Figure 3(d)), not only removing ring effects,
but also better reconstructing and producing sharper image
edges. The result shown in Figure 3(d) contains clearer details
and demonstrates that this framework works well on images
of natural scenes.

4. Experimental Results

This section compares the proposed single image super-
resolution method with other state-of-the-art algorithms
such as the DCCI method [6], the Fast Image Upsampling
(FIU) method [22], and the Sparse Coding Superresolution
(ScSR) method [9]. These three other methods do not contain
motion deblurring capability, and to compare them more
fairly to the proposed method, the Alternating Maximum
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FIGURE 3: Nonblind deconvolution examples: (a) blurred “Monarch” image and motion blur kernel, (b) result by (11) and (13), (c) result by
the joint fast deconvolution method [19] with our estimated kernel and interpolation method [6], and (d) ringing suppression result with the

proposed artifact removal method.

The input LR The proposed | H |Deconvolution [19] and
image Y method interpolation [6]
X
X, 2
AX
The output HR GLAS :
image X enhancement [21] Guided filter [20]

FIGURE 4: Overview of the proposed artifact removal method.

a Posteriori (AMAP) method [23] is first employed to
estimate the blur kernel and to deblur the LR images.
The entire source code of the previous compared methods
is available online (DCCI: http://www.mathworks.com/
matlabcentral/fileexchange/38570-image-zooming-using-di-
rectional-cubic-convolution-interpolation; FIU: http://www
.cse.cuhk.edu.hk/leojia/projects/upsampling/index.html;
ScSR: http://www.ifp.illinois.edu/~jyang29/; AMAP: http://
zoi.utia.cas.cz/deconv_sparsegrad). This paper demonstrates
the effectiveness of the proposed framework upon real-life
images.

4.1. Synthetically Blurred Images. Four well-known images,
“Lena,” “Parrots,” “Fruits,” and “Lighthouse”, as shown in
Figures 5(a)-5(d), are used to compare results. All original
images have a same size of 512 x 512. To evaluate the feasibility
of the proposed method, the degraded LR image is generated
by initially applying an arbitrary 21 x 21 motion blur kernel to
the original image then downsampling by a factor of 2. Three
arbitrary 21 x 21 motion blur kernels (kernel-1, kernel-2, and
kernel-3) are shown in Figures 5(e)-5(g). In the proposed
superresolution method, the parameters are set as follows:
a =0.1; 5 =0.3; A = 0.01. For the three compared methods,
the default parameter settings appearing in the original
research are used. To handle the color images, this paper
first estimates the motion blur kernel and HR gray image

» «

as previously researched using the luminance channel. Then,
each color channel is separately superresolved. The final
superresolution results are obtained by combining the infor-
mation from all color channels.

First, our comparison employed the Peak Signal to Noise
Ratio (PSNR) and the structural similarity (SSIM) [24] index
for image quality assessment (IQA) [25]. Higher PSNR and
SSIM indicate better visual quality and greater similarity
structure between the recovered image and the original
image. For color images, this paper only reports the PSNR and
SSIM measures for the luminance channel. In Figure 6 and
Table 1, this paper evaluates the algorithms with 4 different
images blurred by 3 different kernels. The PSNR results of
the four testing images with different kernels are shown in
Figures 5(a)-5(c), respectively. It is observed that the pro-
posed method achieved a higher PSNR in almost every case,
achieving a 1dB-5dB improvement over other compared
methods and outperforming the benchmark AMAP + FIU
method by an average of 3 dB on all four images (up to 5dB
on the “Parrots” image). The SSIM results of the methods for
comparison on four test images are listed in Table 1. It is
also observed that the proposed method achieves the highest
SSIM index. The average gains in SSIM over the three
competing methods are 0.075, 0.12, and 0.102 in the case of
kernel-1, respectively. These results support the idea that
the proposed method reduces motion deblurring error (i.e.,
error due to inaccurate motion blur kernel estimation) while
restoring detail components in reconstructed HR images. In
general, our method gives the best performance among all
regarding PSNR and SSIM.

Figure 7 gives the qualitative evaluation of the “Lena”
image. The synthesized blurred LR image with the corre-
sponding blur kernel is shown in Figure 7(a). The results
obtained with the AMAP + DCC method, the AMAP + FIU
method, the AMAP + ScSR method, and the proposed
method are shown in Figures 7(b)-7(e), respectively. The bot-
tom of each result offers a close-up of a portion of the “Lena”
image. As shown, the competing methods do not perform
well visually upon the “Lena” image. The result of the AMAP
+ FIU method seems sharper, while the drawback is the
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(g)

FIGURE 5: Original images and testing motion blur kernels. (a) “Lena,” (b) “Parrots,” (c) “Fruits,” (d) “Lighthouse,” (e) kernel-1, (f) kernel-2,

and (g) kernel-3.

TABLE 1: SSIM results of various reconstruction methods, in case of different motion kernels.

Kernels Method “Lena” “Parrots” “Fruits” “Lighthouse” Average
AMAP + DCC 0.783 0.731 0.779 0.642 0.734
Kernel-1 AMAP + FIU 0.719 0.704 0.730 0.603 0.689
AMAP + ScSR 0.771 0.716 0.740 0.602 0.707
Proposed 0.842 0.879 0.803 0.711 0.809
AMAP + DCC 0.685 0.729 0.765 0.639 0.705
AMAP + FIU 0.668 0.708 0.715 0.619 0.678
Kernel-2
AMAP + ScSR 0.713 0.727 0.742 0.625 0.702
Proposed 0.833 0.896 0.876 0.824 0.857
AMAP + DCC 0.753 0.736 0.692 0.697 0.720
AMAP + FIU 0.740 0.734 0.627 0.629 0.683
Kernel-3
AMAP + ScSR 0.799 0.755 0.682 0.653 0.722
Proposed 0.835 0.878 0.842 0.831 0.847

severer ring effect. Both the AMAP + DCCI result and the
AMAP + ScSR result are smooth and have the ring effect. In
contrast, the proposed method generates more satisfactory
superresolution images and preserves edge structures more
effectively. The proposed method gives the sharpest HR
images with abundant properly reconstructed details. The key
to successful reconstruction lies in the accuracy of kernel
estimation and the appropriate strategies for artifact removal.
Overall, the proposed superresolution method causes less
ring effect and less blur compared with other methods.
Furthermore, Figure 8 shows more motion deblurring
and superresolution results of all methods on other testing

images with different motion blur kernels. The LR “Parrots”
and “Lighthouse” images are degraded by kernel-2 and
kernel-3, respectively, as shown in Figure 8(a). The results
produced by the AMAP + DCCI method, the AMAP +
FIU method, the AMAP + ScSR method, and the proposed
method are presented in Figures 8(b)-8(e), respectively. The
bottom of each result presents a close-up of a portion of the
“Parrots” and “Lighthouse” images. The proposed method
can almost recover the full edge structures and produce
less undesired blur and ring effects. As an example, the
improvements are very obvious when looking at the Parrots’
eye in the “Parrots” image or the fence in the “Lighthouse”
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FIGURE 6: Quantitative comparison for each method based on PSNR (dB) with four different images and kernels: (a) kernel-1, (b) kernel-2,

and (c) kernel-3.

image. See Figure 8 for a better visual comparison. Although
the other methods are also designed for edge preservation,
their preservation failed in large part, for the reason that
the previous deblurring process destroys structures, contains
unnatural colors, and brings ring effect (i.e., error due to
inaccurate motion blur kernel estimation and unreasonable
deconvolution strategy). However, it is shown by Figures
7 and 8 that all the reconstructed images of the previous
method lose a large amount of details due to this superres-
olution process which requires simultaneous deblurring and
superresolution from a single blurred image. Despite this
defect, the results of the proposed superresolution are still
satisfactory.

4.2. Real Data with Unknown Blur. In order to demonstrate
that the single image superresolution method works well
in real-life circumstances, photographs were taken using a
1080 p digital smartphone camera, and the proposed super-
resolution method was applied to these images. Figure 9(a)
shows a real captured image which exhibits motion blur
induced by camera shake. The proposed superresolution
method is once again compared with the other three meth-
ods. The comparison of the reconstructed details in the
highlighted area is shown in Figures 9(b)-9(e). It can be
observed that the proposed method yields a visually satisfying
HR result (e.g., around the pavilion) with negligible artifacts.
Despite being without customized hardware, the proposed
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FIGURE 7: Superresolution reconstruction for the Lena image. (a) The input “Lena” image degraded by kernel-1. The result of reconstructed
HR image by using (b) DCCI method [6], (c) FIU method [22], and (d) ScSR method [10], respectively, from the deblurred LR image with
the AMAP algorithm [23]. (e) The result of our method directly from the blurred LR image.

(a)

FIGURE 8: The blurred image of size 512 x 512 and its deblurred results with zoomed regions. (a) The input “Parrots” degraded by kernel-2
(Top) and the input “Lighthouse” image degraded by kernel-3. (b) The result of AMAP + DCC method, (c) the result of AMAP + FIU method,
(d) the result of AMAP + ScSR method, and (e) the result of our method.

method achieves at least competitive results (clear texture,
sharp edges, and natural color), which is sharper and contains
fewer artifacts. Hence, it is suitable for real-life circumstances.
In the context of portable digital imaging, more clear tex-
ture and fast processing speed are required or desired. As
mentioned in Section 3, the implementation of ADM can be
completed in FFTs and accelerated by GPU processing.

5. Conclusion

When facing superresolution problems in motion blurred
photographs, one of the most convenient solutions is to use
a separation process. However, two-stage processes have not
been well addressed in literature and are still complicated.

This paper proposes a framework that combines motion
deblurring and superresolution and uses a single motion
blurred image. With a precise modeling degradation course,
the proposed superresolution method starts with defining
an optimization problem of natural images and motion blur
regularization terms. Then this paper employs an effective
optimization strategy based on ADM, which uses the FFTs
technique and ensures that each subproblem has a closed-
form solution in the frequency domain. In addition, this
paper develops a simple artifact removal method which
helps to reduce ring artifacts and effectively sharpens edge
structures.

Experimental results show that the proposed method
can produce a high visual quality HR image on the testing
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FIGURE 9: Example photos with unknown camera shake: (a) the input and the highlighted part of the input image, (b) the result of AMAP +
DCC method, (c) the result of AMAP + FIU method, (d) the result of AMAP + ScSR method, and (e) the result of our method.

images that is superior in comparison with state-of-the-art
methods. Furthermore, the effectiveness of the proposed
method is demonstrated by using IQA indexes. The above
features make the proposed superresolution method much
more applicable and productive than previous approaches, as
shown in the experiments. The future work will focus on a
better optimization method and extension of the proposed
superresolution method.
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