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ABSTRACT

In this paper, we propose a robust method to remove motion
blur from a single photograph. We find that an inaccurate ker-
nel and an unreliable final latent image reconstruction method
are two main factors leading to low-quality restored images.
To improve image quality, we do the following technical con-
tributions. For robust blur kernel estimation, first, an edge
mask and a smooth constraint are used to provide reliable in-
termediate latent images for salient structure extraction; sec-
ond, we adopt an effective salient structure selection method
to remove detrimental edges for kernel estimation; third, we
use a gradient sparsity prior to remove kernel noise and en-
sure the continuity of blur kernels. For final latent image re-
construction, we combine the merits of both the TV-l2 model
and the hyper-Laplacian model to preserve tiny details and e-
liminate noise. Experimental results on synthetically blurred
images and real photographs demonstrate that the proposed
algorithm performs better than state-of-the-art approaches.

Index Terms— Motion blur, deblurring, kernel estima-
tion, image reconstruction

1. INTRODUCTION

Motion blur caused by a relative motion between a camer-
a and a scene is a common phenomenon in the process of
imaging. It is usually modeled as a convolution process:

I = L⊗ k +N, (1)

where I , L, k and N represent the motion blurred image, la-
tent image, blur kernel and unknown sensor noise respective-
ly, ⊗ denotes the convolution operator. The objective is to
recover L from I without specific knowledge of k, so single
image blind deconvolution is an ill-posed problem.

Blind image deblurring has gained much attention and
made significant progress in recent years. Although many ap-
proaches [1, 2, 3, 4, 5] perform well in some particular sce-
narios, e.g., low-light images, text and face images, none of
them is robust enough in all cases.
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The success of most existing algorithms can be attributed
to the use of a wide range of parametric image priors. These
constraints are used to avoid local minima, dense kernels and
visual artifacts in the restored image. Fergus et al. [6] used
the Gaussian mixture model as the natural image prior and
combined it with ensemble learning [7] to get clear images.
Similarly, Shan et al. [8] proposed a two piece-wise continu-
ous function to fit the natural image gradient distribution. The
hyper-Laplacian distribution proposed by Krishnan et al. [9]
usually outperformed the former two, and this sparsity prior
was used extensively in the subsequent works. Pan et al. [10]
used a low rank prior to provide a data-authentic prior for the
latent image and applied Gaussian regularization to kernel es-
timation. This constraint on the blur kernel ensured kernel
sparsity, however it made the kernel noisy. When a hystere-
sis threshold is used, several subtle structures of blur kernels
are lost. To solve this problem, Xu and Jia [11] proposed a
kernel refinement method via iterative support detection. Pan
and Liu [12] introduced a spatial prior to preserve the sparsity
and continuity of the blur kernel.

Moreover, salient edge selection is also an important fac-
tor which affects reliable kernel estimation a lot. Cho and Lee
[13] employed a bilateral filter together with a shock filter to
predict sharp edges. Sharp edges with scales smaller than the
kernel size, however, could damage kernel estimation. Xu
and Jia [11] observed a new connection between image edges
and the quality of kernel estimation and proposed a metric to
select useful edges for kernel estimation. Pan and Liu [12] de-
veloped an adaptive edge selection method to choose reliable
edges. Instead of using extra salient edge selection steps, l0
regularization was used in [14] and [1] to retain salient struc-
tures only. Although these methods have made tremendous
progress, the results are still far from perfect.

In this paper, we propose a robust motion deblurring
method for a single image. In the robust blur kernel esti-
mation step, first, a mask and a smoothness prior are used
to remove noise and ringing artifacts in the interim image;
then an effective salient edge selection method is adopted to
make the kernel estimation more accurate; finally, we use a
gradient sparsity prior to eliminate kernel noise. To address
the problem of ringing artifacts, we adopt a total variation
(TV) regularization and a hyper-Laplacian prior in the final



latent image reconstruction step to get two latent images and
average them to obtain the final result. Experimental results
demonstrate the effectiveness of the proposed method.

2. ROBUST BLUR KERNEL ESTIMATION

In the proposed deblurring method, the blur kernel is estimat-
ed with robust sparse priors, and the proposed robust kernel
estimation consists of two steps: intermediate image estima-
tion and kernel estimation. We iterate these two steps for sev-
eral times (5 times used in our experiments) at each level so as
to solve this ill-posed problem. The estimation process is per-
formed in a coarse-to-fine fashion with an initial rough kernel
at the coarsest level in order to avoid local minima.

2.1. Intermediate latent image estimation

In many traditional methods, the restored interim images con-
tain noise in large smooth areas and ringing artifacts near
edges, which leads to unreliable salient edge selection. We
introduce a mask to encode edge regions and use a smooth-
ness prior to eliminate noise and ringing artifacts in locally
smooth regions. What’s more, a hyper-Laplacian image prior
is adopted to make gradients in near-edge clear image regions
obey a heavy-tailed distribution. A smooth interim image is
obtained with these constraints which also helps to improve
salient edge selection in kernel estimation. Our interim image
estimation model is defined as

min
L
‖L⊗ k − I‖22 + λ1‖∇L‖0.5 ◦M+

λ2‖∇L‖22 ◦ (J −M),
(2)

where ∇L = (∂xL, ∂yL)
T is the gradient of the image L,

λ1 and λ2 are the weights and ◦ represents the element-wise
multiplication operator, J is an all-ones matrix and M is a
2D binary mask. We detect edges in an image with the Canny
edge detector and utilize mathematical morphological opera-
tions to dilate the edges with a disk model. The radius of the
disk model is equal to the kernel size in the current iteration.
Then we set an element in M to 1 if its corresponding pixel
belongs to the dilated edge region and set it to 0 otherwise. To
solve (2), we fix k and optimize L and use the half-quadratic
penalty method [15] to solve the highly non-convex function.
We introduce an auxiliary variable u to substitute ∇L and
change (2) to the following optimization problem:

min
L,u
‖L⊗ k − I‖22 + λ1‖u‖0.5 ◦M+

λ2‖u‖22 ◦ (J −M) + λ3‖∇L− u‖22,
(3)

where λ3 is a weight and when it is close to∞, the solution
of (3) converges to that of (2). We solve (3) by updating u and
L iteratively.

By fixing all the variables except u, (3) is simplified to

min
u
λ1‖u‖0.5◦M+λ2‖u‖22◦(J−M)+λ3‖∇L−u‖22. (4)

And u can be obtained with Newton-Paphson method.
We then fix u, and L can be optimized by minimizing

min
L
‖L⊗ k − I‖22 + λ3‖∇L− u‖22, (5)

where fast Fourier transforms are used to compute L. Based
on the Paseval theorem, the solution of L is expressed as

L = F−1(
F(I) ◦ F(k) + λ3F(u) ◦ F(∇)
F(k) ◦ F(k) + λ3F(∇) ◦ F(∇)

), (6)

where F and F−1 represent the fast Fourier transform and
its inverse operation respectively, (·) denotes the conjugate
operator. Iterating the above two steps (4) and (5) for twenty
times is enough to get a satisfactory intermediate latent image.

2.2. Kernel estimation via salient edges

2.2.1. Salient edge selection

Edge information could damage kernel estimation when the
scale of an object is smaller than that of the blur kernel, while
effective salient edges can avoid the delta kernel and get an
accurate blur kernel. Therefore, we use reliable salient struc-
tures instead of all the image edges for kernel estimation. The
results of previous salient edge selection methods [13, 11] of-
ten contain many small scale edges, which leads to inaccurate
kernels. To increase the robustness of kernel estimation, we
adopt a strong structure extraction method [8] to select useful
edges for kernel estimation. It makes main structures stand
out via Relative Total Variation (RTV). Compared with con-
ventional methods, [8] is more effective and can control the
magnitude and quantity of salient edges by two adjustable pa-
rameters λ and σ.

Suppose X is the salient edges image generated from L,
tiny structures and noise are removed by setting thresholds
for gradient map of X [13]. The final salient gradient map
∇S = (∂xS, ∂yS)

T used for kernel estimation is obtained by

∇S = ∇X ◦H(‖∇X‖2 − t), (7)

where H(·) is the Heaviside function and t is a threshold.

2.2.2. Kernel estimation

Most state-of-the-art works [1, 13] adopted a single Gaussian
regularizer to guarantee the sparseness of blur kernels, which
results in a lot of noise in the kernel sometimes. However,
they ignore continuity by using a simple lagging threshold
to remove kernel noise. To address this problem, a gradient
sparsity prior is utilized to suppress noise in the kernel matrix
and ensure the continuity at the same time.

The salient gradient map∇S is used to estimate the kernel
by minimizing the energy function:

min
k
‖∇S ⊗ k −∇I‖22 + γ1‖k‖22 + γ2‖∇k‖22, (8)
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Fig. 1. Effect of prior ‖∇k‖22. (a) Blurred image. (b) and (c)
are the deblurred result and the corresponding kernel when
γ2 = 0. (d) and (e) are the deblurred result and the corre-
sponding kernel when γ2 = 50.

where γ1 and γ2 are the adjustable weights controlling the
sparseness and smoothness of the blur kernel respectively, x
denotes the pixel. The function (8) can be efficiently solved
by fast Fourier transform:

k = F−1(
F(∇I) ◦ F(∇S)

F(∇S) ◦ F(∇S) + γ2F(∇) ◦ F(∇) + γ1
).

(9)
Then we set negative elements in k to 0 and normalize k. The
optimized kernel contains little noise and preserves tiny struc-
tures. Fig. 1 shows the effect of this gradient sparsity prior.
We can see that the kernel in Fig. 1(e) is clearer and smoother
than that in Fig. 1(c) and the corresponding deblurred image
in Fig. 1(d) is smoother than that in Fig. 1(b).

3. FINAL LATENT IMAGE RECONSTRUCTION

After the blur kernel is estimated, there is a lack of texture
details in the intermediate latent image, so it is necessary to
make use of additional non-blind deconvolution to get the fi-
nal latent image. We notice that image deconvolution using a
hyper-Laplacian prior [9] can obtain a clear image with main
structures and few artifacts. Sometimes, however, it is too
smooth to preserve some fine details. The latent image esti-
mation method with an isotropic TV norm [16] can preserve
abundant tiny textures, but noise and ringing artifacts are re-
tained. Inspired by the artifacts removing algorithm proposed
in [1], we combine these two algorithms so as to maximize
their merits and minimize the weaknesses.

We get latent image L1 by minimizing the objective func-
tion:

min
L1

‖L1 ⊗ k − Ĩ‖22 + ρ‖∇L1‖α, (10)

where 0.5 ≤ α ≤ 0.8, ρ is a weight. Smaller α leads to a
smoother result. We can adjust α to get a satisfactory result.

Likewise, the latent image L2 can be obtained by solving
the TV-l2 minimization:

min
L2

‖L2 ⊗ k − Ĩ‖22 + µ‖L2‖TV ,

‖L2‖TV =
√
(∂xL2)2 + (∂yL2)2,

(11)

(a) (b) (c)

Fig. 2. (a) The result of using hyper-Laplacian prior. (b) The
result of using TV-l2 prior. (c) The final result.

where µ is a regularization parameter and ‖L2‖TV is the
isotropic TV norm, Ĩ is the blurred image enhanced by a
shock filter. Since blurred images, especially heavily blurred
ones, lose massive details and induce detrimental effects to
the image reconstruction, so it is essential to highlight the
meaningful edges.

As tiny details will be lost during the process of denoising,
rather than removing noise on the difference map between L1

and L2, it would be better to take the average of these two
images as the final restored image. An example is shown in
Fig. 2. As can be seen there are no ringing artifacts and visible
noise in Fig. 2(a), but the grassland is too smooth. Fig. 2(b)
contains a few ringing artifacts on the right side of tower. The
grassland, however, is rich in details. Fig. 2(c) has plentiful
details as well as few ringing artifacts.

4. EXPERIMENTAL RESULTS

In this section, extensive experiments are performed on both
synthetic motion blur database and real blurred images with
our proposed method. We compare our method with nine
state-of-the-art methods and do our utmost to fine tune the
parameters of these methods. In the salient edge selection
step, we set σ = 1.5 and λ = 0.01 as the initial values and
gradually increase the values by multiplying them by 1.1 in
each iteration. The parameter γ1 in model (8) is set to 2, ρ in
Equation (10) is set to 0.001 and µ in Equation (11) is set to
0.001 empirically.

Objective evaluation on the dataset of [20]. We run our
algorithm on a publicly available dataset [20]. It contains 40
sharp images of various scenes, each is blurred synthetically
with two different kernels and added Gaussian noise of three
different levels (σ = 0.0, 0.01, 0.02). Particularly, these im-
ages contain different amounts of structural edges. Thus, var-
ious levels of deblurring difficulties exist for the methods un-
der testing, especially those relying on salient edge selection.

Since most state-of-the-art methods do not handle noisy
images particularly, so we just use the images with no ad-



(a) Blurred image (b) Groundtruth (c) Cho and Lee [13] (d) Xu and Jia [11] (e) Xu et al. [14] (f) Zhong et al. [17]

(g) Pan et al. [1] (h) Fergus et al. [6] (i) Shan et al. [18] (j) Krishnan et al. [19] (k) Pan and Liu [12] (l) Ours

Fig. 3. Comparison with state-of-the-art methods on a synthetic example from the dataset of [20]. The quality scores of restored
images (c)-(l) are -13.473, -10.708, -10.634, -11.124, -10.266, -13.326, -12.514, -13.353, -11.874 and -9.418 respectively.

(a) (b)

Fig. 4. Quantitative comparisons with other 9 state-of-the-
art deblurring methods. (a) Average scores of results from
images blurred with kernel 1. (b) Average scores of results
from images blurred with kernel 2.

ditional noise for testing. For the objective evaluation, we
adopt the no-reference quality assessment method introduced
in [20] to quantitatively compare our scores against those of
Cho and Lee [13], Xu and Jia [11], Xu et al. [14], Zhong
et al. [17], Pan et al. [1], Fergus et al. [6], Shan et al. [18],
Krishnan et al. [19] and Pan and Liu [12]. This quality eval-
uation method does not require access to the original images
and better matches user’s subjective perception than conven-
tional approaches (e.g. PSNR, SSIM, FSIM). A larger score
value means higher quality. For example, if the scores of im-
age A and B are -8 and -10 respectively, it means A has higher
quality than B. The average quality scores of different meth-
ods are illustrated in Fig. 4. We can see that the proposed
method performs the best.

Fig. 3 provides one example from the test dataset. As
shown, the results with other methods contain various degrees
of visual artifacts, while the result with our method has richer
details and fewer artifacts.

Subjective evaluation on real blurred images. To
demonstrate the effectiveness of our algorithm, we test our
method on several real blurred photographs. Fig. 5 shows
one example of comparing the result of our method with other
methods. We can see that Fig. 5(c), (h), (i) and (j) are still

Fig. 5. Comparison of state-of-the-art deblurring methods on
a real blurred image. (a) Blurred image. (b) Blurred patch ex-
tracted from (a) corresponds to the yellow rectangel. (c)∼(l)
Deblurred image patches of [13], [11], [14], [17], [1], [6],
[18], [19], [12] and ours respectively.

quite blurry. Fig. 5(d), (e) and (f) contain serious ringing
artifacts. Although Fig. 5(g) and (k) are better than others,
the annoying artifacts around the text exert a negative effect
on visual quality. We can see the deblurred result (Fig. 5(l))
with our method is the best.

5. CONCLUSION

A robust algorithm for single blind image deblurring was pro-
posed in this paper. In the process of kernel estimation, first,
we used a mask to distinguish between the edge and smooth
regions, then we used a smoothness prior to suppress ring-
ing artifacts and noise in smooth areas; second, we adopt-
ed an adaptive salient edge selection method to provide re-
liable edge information for kernel estimation; third, a gradi-
ent sparsity prior in kernel estimation model was used to re-
move kernel noise and keep kernel sparse. We combined the
hyper-Laplacian model with the TV-l2 model in the final la-
tent image reconstruction step so as to preserve main and tiny
edges and remove noise. Extensive experiments showed that
the proposed algorithm performed better than state-of-the-art
methods in both objective and subjective evaluations.
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