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Abstract. In this paper, we propose an effective and robust method
SPOS (Sparsity Prior and Outlier Suppression) for blurry image restoration. First, we combine histogram equalization and prior constrain to
obtain the salient structure which contains main texture of image. Second, kernel is estimated by salient structure and sparsity constrain. Final,
the blurry image is restored by non-blind deconvolution. The contributions of SPOS lie in two aspects: 1) we combine histogram equalization
and sparsity suppression to obtain salient structure; 2) we take kernel
outliers into consideration and introduce L0 norm to suppress kernel’s
shape. The experiment results show that SPOS has the better performance compared with the state-of-the-art methods.
Keywords: Histogram Equalization, Salient Structure, Outliers, L0 norm, Sparsity Suppression
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Introduction

The motion-blur is a phenomenon caused by camera shake when capturing an
image. Over the past decades, restoring blurry image has become an important
topic, as the image quality directly affect analysis and processing on computer
vision. As a pre-processing, the relative algorithms[20, 7, 1–3, 24, 18] have been
utilized in many research fields, such as object detection, object segmentation,
foreground segmentation, behavior analysis, etc. Due to imprecise motion estimation, artifacts ringing often occurs in the restored image when performing
deconvolution. Hence, an accurate blur kernel estimation is the key to further
improve image quality. By applying the prior[4] that the gradient of natural
image follows the rule of heavy-tail, a few algorithms[7, 20, 4], adopt Maximum
?
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a Posterior(MAP) and Maximum Expectation(EM) to perform kernel estimation. Furthermore, Levin[10] proposed an advanced M APk , pointing out that
conventional M APx,k is a no-blur explanation and cause a failure for the kernel estimation. Besides, based on the convolutional property of delta kernel,
Michaeli[14] pointed out that the down-sampled blurry image has the tendency
to be clear and its textures are similar to original image. However, the accuracy
of kernel estimation is also heavily related to edge information, which could contaminate kernel when the scale of the texture is smaller than that of the kernel.
To solve this problem, some literatures[2, 22] use salient structure to estimate
kernel before deconvolution. And also, the image quality will been contaminated
even if there exists very few outliers in kernel shown in Fig.3.2(b). Nevertheless,
this founding is ignored in existing algorithms, and is first considered in the
proposed method.
In this paper, we propose an effective and robust method called SPOS by
using sparsity and outlier suppression to deblur single image. First, we combine
histogram equalization and prior constrain to obtain the salient structure which
contains main texture of image. By constraining the sparsity of salient structure, trivial edges of structure is removed. Second, we use salient structure and
sparsity constrain to estimate kernel. And the inconsecutive kernel outliers are
further suppressed by the L0 norm. Final, blurry image is restored by non-blind
deconvolution. The contributions of SPOS lie in two aspects: 1) we combine
histogram equalization and sparsity suppression to obtain salient structure; 2)
we take kernel outliers into consideration and introduce L0 norm to suppress
kernel’s shape. The experiment results show that SPOS has better performance
compared with the state-of-the-art methods.

2

SPOS Overview

As shown in Fig.1, SPOS consists of two major steps: salient structure and kernel
estimation. As an input, the blurry image I 0 is down-scaled(red arrows in Fig.1)
to n smaller images I 1 , ..., I n . First, I n and initialed k n are utilized to obtain
the salient structure. In this process, the main texture is extracted by histogram
equalization and prior constrain. Second, the kernel k n−1 corresponding to I n−1
is estimated. Due to the kernel outliers are devils to restore blurry image, suppressing it is the key in this section. Then, iterate the former two steps (green
arrows in Fig.1) until the kernel k 0 estimation completes. Final, restore the I 0
by non-blind deconvolution(blue arrows in Fig.1).

3

The Proposed Method

For single image, we apply SPOS to uniform model. And it is also hold for nonuniform model supposed image can be segmented into several uniform patches.
Generally, the camera shake can be modeled as a convolution process, and the
blurry image can be considered as an output by convolving clear image and blur
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Fig. 1. The flowchart of SPOS

kernel shown in Eq.1.
I =L⊗k+η

(1)

Where I, L, k and η represent blurry image, clear image, blur kernel and unknown
sensor noise respectively, ⊗ denotes the convolution operator. For simplicity, we
suppose that η is Additive White Gaussian Noise(AWGN). The blind deconvolution is a process that recover L from I with unknown k, so it is an ill-posed
problem. In this paper, we utilize a salient structure to estimate blur kernel, then
to perform non-blind deconvolution. Well, the SPOS mainly performs following
steps: salient structure and kernel estimation.
3.1

Salient Structure Estimation

Though previous literatures[2, 22] have the process to estimate salient structure,
we propose a new and robust method to reinforce this process. [2] and [22] both
utilize shock filter to obtain it in their literatures. In our method, we combine
histogram equalization and prior constrain. Supposed salient structure obeys
heavy-tail rule, we constrain the smooth region and texture region in it with L2
and L0 respectively. The process of salient structure estimation is modeled as
Eq.2.
min ||S ⊗ k − I||22 + λ1 ||∇S||α + λ2 ||∇S ◦ M ||0 + λ3 ||∇S ◦ (1 − M )||22
S

(2)

Where S denotes the salient structure, ∇ = (∂h , ∂v )T is a gradient operator in
horizontal and vertical directions, ◦ is a element-wise operator, α controls the
distribution of gradient, M is a 2D binary matrix which indexes texture region
in S, 1 is all 1’s matrix. λ1 controls the weight of distribution, λ2 ,λ3 adjust the
proportion between texture region and smooth region in S. Due to there exists
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(a)

(b)τr = 0.5341

(c)
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Fig. 2. (a) Blurry image. (b) Energy diagram of r and corresponding τr = 0.5341. (c)
Salient structure. (d) Restored image by SPOS.

noise in smooth region, we utilize L2 norm to suppress it. Based on the property
of convolution, the process of deconvolution will be failed when the texture size
is smaller than that of kernel. So we design a metric M to index resultful texture
and utilize it to constrain S. The model of M follows Eq.3.
M = H(r − τr )

(3)

Where H(·) is a Heavside step function, r ∈ [0, 1]size(r) is a score matrix which
determines the score that corresponding pixels belong to resultful texture, τr is
the score threshold. Some methods, for example, shock filter[15],[22, 2], can be
used to compute r. However, the most important is how to set τr . So we use
histogram equalization to obtain a statistic score and compute its expectation
shown in Eq.4.
P
r(x) · c(x)
τr =

r(x)∈D(r)

P

c(x)

(4)

r(x)∈D(r)

Where D(r) denotes the histogram distribution of r, r(x) denotes the score of
pixel x, c(x) denotes the pixel amount in interval where r(x) locates. As shown
in Fig.3.1(b), blue denotes the smooth, red denotes the resultful texture, and
green denotes the trivial texture. Compared with Fig.3.1(a), it is clear to see
that M has the power to distinguish resultful texture and other regions.
Now, consider the problem of salient structure in Eq.2. With L0 -norm and
α existing, it is not a convex optimization problem. Inspired by half-quadratic
penalty method[5], we introduce two auxiliary variables u and w to selectively
substitute ∇S. And the problem is modified as Eq.5.
min ||S ⊗ k − I||22 + λ1 ||w||α + λ2 ||u ◦ M ||0 + λ3 ||u ◦ (1 − M )||22

S,u,w

+ β||u − ∇S||22 + γ||w − ∇S||22

(5)

Notice that u = ∇S, w = ∇S when β → ∞, γ → ∞. So it is clear that Eq.5
is equivalent to Eq.2. In [5], the problem can be solved by iteration. Similar
to it, we optimize Eq.5 by iteratively updating u, w and S. And each variable
can be computed by fixing other variables. For variable u, the L0 optimization
problem has been introduced in [23], and we use it to obtain the solution of u.
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For variable w, the way to solve the subproblem is decided by α. Suppose that
∇S obeys Laplacian distribution, then α = 1, and the subproblem is converted
to a convex optimization. When α 6= 1, the subproblem can be solved by lookup
table and analytic solution proposed in [8]. For variable S, we adopt FFT to
solve the subproblem because there exists convolution operation. Based on the
Parseval’s theorem, S can be computed by Eq.6.
S = F −1 (

3.2

F(I) ◦ F(k) + βF(u) ◦ F(∇) + γF(w) ◦ F(∇)
F(k) ◦ F(k) + βF(∇) ◦ F(∇) + γF(∇) ◦ F(∇)

)

(6)

Kernel Estimation

The existing methods[2, 16, 19] only adopt a singe L2 norm to guarantee the kernel sparsity, which results in some discontinuous outliers. And this will degrade
the kernel, which is ignored by previous literatures. As shown in Fig.3.2(b), the
outliers in the estimated kernel are devils to restore the blurry image. By found-

(a)

(b)

(c)

(d)

Fig. 3. (a) Blurry image. (b) Restored image by Fergus[4] and estimated kernel. (c)
Salient structure in our method. (d) Restored image by SPOS and estimated kernel.

ing this, we use L0 sparsity constrain to control the kernel shape and L2 norm to
suppress noise. And ∇S is utilized to minimizing the following energy function:
min ||∇S⊗k − ∇I||22 + ψ1 ||k||22 + ψ2 ||∇k||0
k

s.t.

(7)

k ≥ 0, ||k||1 = 1

Where ψ1 controls kernel smooth, ψ2 controls the weight to suppress outliers.
Similar, half-quadratic penalty method[5] can be adopted to solve the problem
in Eq.7. So we introduce variable v to substitute ∇k and the kernel estimation
is modified as Eq.8.
min ||∇S ⊗ k − ∇I||22 + ψ1 ||k||22 + ψ2 ||v||0 + ϕ||v − ∇k||22
k,v

(8)

When ϕ → ∞, v = ∇k, then Eq.8 is equivalent to Eq.7. So the optimization
problem in Eq.8 can be solved by iteratively updating. For variable v, we solve
it by L0 optimization[]. For variable k, we use FFT to compute it in Eq.9.
k = F −1 (

F(∇I) ◦ F(∇S) + ϕF(v) ◦ F(∇)
F(∇S) ◦ F(∇S) + ψ1 + ϕF(∇) ◦ F(∇)

)

(9)
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In Fig.3.2(d), we can observe that our estimated kernel nearly has no outliers and
the restored image has the better performance. Besides, to verify the convergence
of kernel estimation, we record the Sum of Squared Differences Error(SSDE) for 4
different kernel shown in Fig.4. Though the kernel estimation is not convergent
in a few iterations, it comes to convergence in the final iteration. Hence, we
believe that our kernel estimation is valid.
Num_downsample = 7, Kernel_size = 51
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Fig. 4. (a)-(d) are the SSDE of kernel when the kernel size is 31, 51, 55 ,75 respectively.
And the N um downsample denotes the number of downsampled images, Kernel size
denotes the size of kernel.
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Image Restoration

We restore blurry image with estimated kernel by non-blind deconvolution. As
mentioned above, it is an ill-posed problem to restore a blurry image, since the
estimated kernel may be imprecise. To overcome this difficulty, we adopt iterative
algorithm to optimize the salient structure and blur kernel. In the meantime, the
initialization of kernel is the key to avoid local optimum. Considering the downsampled blurry image has more similar texture with corresponding clear image,
we apply the smallest down-sampled blurry image as initial input. And delta
kernel is utilized as the initial value.

5

Experiment

We apply both synthetic motion blur images and real blurry images to test our
method. In the salient structure estimation, we set λ1 = 0.001, λ2 = 0.001,
λ3 = 0.001, initialed β = 0.5, and for the simplicity, γ is set the same value with
β. In the start of each iteration, β and γ are multiplied by a constant to update
their value. In the kernel estimation, we set ψ1 = 0.001, ψ2 = 0.002 and ϕ = 10.
To further verify the robustness of SPOS, we perform non-blind deconvolution
with Total Variation[] and Hyper Laplacian [8], which we call SP OST V and
SP OSLp respectively. Different form previous methods which analyzing results
from the view of synthetic and real image, our experiments are evaluated by
both objective and subjective method.
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Objective Analysis and Evaluation

In our experiments, we use PSNR, SSIM, FSIM as objective metrics to measure restored image generated by 11 methods. And Dataset[21] is utilized. In
table.1, we list average scores of these metrics. By comparison, our method
SP OST V ,SP OSLp have the highest score. What may be confused is that scores
evaluated under three metrics are not high. The reason is that there exists noise
in restored images, and for simplicity, we do not perform any post-processing to
remove corresponding noise. Besides, we use quantitative evaluation on benchmark datases[21] shown in Fig.5. It is clear that SPOS has the highest success
ratio among the compared methods. Fig.6. shows the vision comparison among
11 methods and it is obvious that SPOS has better performance especially in
text areas.
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Fig. 5. Quantitative Evaluation

5.2

Subjective Analysis and Evaluation

When there is no benchmark, it is impossible to evaluate the objective quality of
image. So we adopt two no-reference metrics LR[13], BIBLE[12] to evaluate both
synthetic and real image. we use 11 methods to deblur image contaminated by
two kernel, and the kernel size is 23 and 27 respectively. The statistical result is
shown in Table.1, and it indicates that our method has the best score under LR
and considerable score under BIBLE. The vision comparison is shown in Fig.7.
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Table 1. Image Quality Evaluation on Benchmark Dataset[21]

Method
Metric
PSNR
SSIM
FSIM
BIBLE
Ksize = 27
LR
BIBLE
Ksize = 23
LR

Fergus Shan Krishnan Xu
15.86
0.5488
0.6915
4.04
-11.67
3.74
-12.71

17.03
0.6531
0.7692
5.39
-9.66
5.39
-10.67

15.95
0.5988
0.7027
4.12
-9.95
3.56
-11.75

17.89
0.7079
0.8134
5.66
-8.72
5.04
-8.87

Cho Levin Goldstein Pan Zhang SPOSTV SPOSLp
15.85
0.6120
0.6994
5.46
-8.44
5.39
-9.12

15.99
0.6073
0.7363
3.45
-11.19
3.20
-12.00

18.10
0.6961
0.7881
4.10
-10.32
3.77
-11.78

17.94
0.7277
0.8191
4.56
-9.57
4.46
-9.95

18.53
0.7383
0.8325
5.79
-8.24
5.70
-8.56

18.62
0.7443
0.8363
5.78
-8.47
5.77
-8.60

18.55
0.7445
0.8350
5.71
-8.19
5.81
-8.35

(a)

(b) Fergus[4]

(c) Shan[20]

(d) Krishnan[9]

(e) Xu[22]

(f) Cho[2]

(g) levin[11]

(h) Goldstein[6]

(i) Pan[17]

(j) Zhang[25]

(k) SP OST V

(l) SP OSLp

Fig. 6. (a) Blurry image in benchmark dataset[12]. (b-l) 11 compared methods in our
experiments. In each image except (a), the left: kernel size is 23 in benchmark, the
right: kernel size is 27 in benchmark.

6

Conclusion

In this paper, we propose an effective and robust method called SPOS by using
sparsity and outlier suppression to deblur single image. First, we combine histogram equalization and prior constrain to obtain the salient structure. Second,
we use salient structure and sparsity constrain to estimate kernel. Final, blurry
image is restored by non-blind deconvolution. The contributions of SPOS lie in
two aspects: 1) we combine histogram equalization and sparsity suppression to
obtain salient structure; 2) we take kernel outliers into consideration and introduce L0 norm to suppress kernel’s shape. The experiment results show that
SPOS has better performance compared with state-of-the-art methods both on
synthetic image and real image.
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(a)
LR = 0; BIBLE = 2.91

(b) Levin[11]
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(c) Goldstein[6]

LR=-13.45; BIBLE= 3.75 (c) LR=-9.96; BIBLE= 4.41

(d) Xu[22]

(e) Pan[17]

(f) SPOS

LR=-9.39; BIBLE= 5.04

LR=-9.35; BIBLE= 4.67

LR=−8.62; BIBLE= 5.50

Fig. 7. (a) Real blurry image. (b-f) Restoration and estimated kernel by Levin[11],
Goldstein[6], Xu[22], Pan[17] and our method SPOS respectively.
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