ISSN XXXX XXXX © 2017 IJESC

Research Article

Volume 7 Issue No.6

Reconstruct an Image from a Blurred image by using ShrinkageThresholding Operators
Kattavinod kumar1, Muvva srikanth2
M.Tech Student1, Assistant Professor2
Department of ECE
GVR & S College of Engineering & Technology, Andhra Pradesh, India
Abstract:
Significant edge selection and time-varying regularization are two critical techniques to guarantee the success of maximum a
posterior (MAP)-based unsighted deconvolution. However, the existing approaches usually rely on carefully designed regularizers
and handcrafted parameter alteration to obtain acceptable inference of the shape kernel. Many regularizers exhibit the
configuration-preserving smooth capability, but fail to enhance salient edges. In this paper, under the MAP framework, we
propose the iteration-wise `p-norm regularizers together with data-driven strategy to address these issues. First, we extend the
generalized shrinkage-thresholding (GST) operator for `p- norm minimization with negative p value, which can grind salient
edges while suppressing trivial details. Then, the iteration wise GST parameters are specified to allow dynamical salient edge
choice and time-varying regularization. Finally, instead of handcrafted correction, a principled discriminative learning approach is
proposed to learn the iteration-wise GST operators from the training dataset. Furthermore, the multi-scale scheme is developed to
improve the competence of the algorithm. Experimental results show that, negative p value is more effective in estimating the
coarse shape of smudge kernel at the early stage, and the learned GST operators can be well generalized to other dataset and real
world blurry images. Compared with the state of- the-art methods, our method achieves better deblurring results in terms of both
quantitative metrics and optical quality, and it is much faster than the state-of-the-art patch-based blind deconvolution method.
Index Terms: unsighted deconvolution, kernel judgment, image deblurring, hyper-Laplacian, discriminative learning.
I. INTRODUCTION
Blind image deconvolution aims to recover the latent sharp
image x and blur kernel k from the blurry observation
y = k x + n; (1)
where denotes 2D convolution and n is additive Gaussian
white noise. Blind image deconvolution generally involves two
stages, i.e., blur kernel estimation and non-blind
deconvolution, where the former is crucial to the success of the
algorithm. There are two classes of popular blur kernel
estimation strategies: variational Bayes (VB)-based and
maximum a posterior (MAP)-based ones. Levin et al. showed
that naive MAP prefers trivial delta kernel solution while the
VB-based approaches are more robust in estimating the blur
kernel. This observation has motivated several VB based
methods for image deconvolution. However, the
approximation of integration is required, making VB-based
methods computationally inefficient. Recently, with the
introduction of salient edge selection and time-varying
regularization, interest in improved MAP has been revived for
efficient blind deconvolution with many representative
methods. MAP jointly estimates the pair (k; x) by maximizing
a posterior probability,

where Pr(x; kjy) denotes a posterior on (x; k), Pr(x) and Pr(k)
are the priors of the latent sharp image and the blur kernel, and
Pr(yjx; k) denotes the likelihood of the observation y. The
MAP model can be equivalently rewritten as
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Our work is motivated by the two key techniques, i.e., salient
edge selection and time-varying regularization, which have
been widely adopted in MAP-based blind deconvolution.
However, we re-analyze these techniques by raising three
questions:
1) Salient edge selection is widely used to explicitly or
implicitly recover salient edges to facilitate kernel estimation
In shock and bilateral filters are employed in each iteration to
enhance strong edges
while suppressing harmful small-scale textures. Actually,
bilateral filter is a smoothing operator and shock filter is a
sharpening operator, while the regularizers like `0-norm result
in a structure-preserving smoothing operator. Thus, our first
question is: is it possible to extend the existing regularizers,
e.g., `p-norm, to achieve both smoothing and sharpening
capability?
2) Time-varying regularization is also widely adopted in blind
deconvolution. To better estimate the blur kernel k, the salient
edges should be dynamically recovered to guide the algorithm
gradually converge to the desired solution. For example, in
parameters of the shock and bilateral filters are tuned to select
the strongest edges at first, and subsequently the estimated
kernel is refined by the gradually added details. In the
regularization parameter _ is set small in the first a few
iterations to preserve strong edges, and then gradually
increases along with iteration to produce accurate blur kernel.
So, our second question is: is there a family of priors (each
iteration has its own parameters) for blind deconvolution?
3) Most existing approaches involve carefully designed
regularizers and handcrafted parameter tuning to guide the
algorithms to converge to the desired solution. It is interesting
to ask the question: can we learn the iteration-wise
regularization parameters using the data-driven strategy?
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p = 0 is first adopted to estimate the blur kernel, and then p =
0:5 is adopted for the final restoration. As a summary, both _
and p values should be non-decreasing along with the iteration
numbers. Thus, in our greedy learning procedure, for each
scale s, the non-decreasing constraints on both _ and p are
imposed, i.e., _(s;t+1) _ _(s;t) and p(s;t+1) _ p(s;t), and over
the scales, it is reasonable to consider the constraints _(s�1;1)
_ _(s;T ) and p(s�1;1) _ p(s;T ). As to the search range, _ is
constrained in [0:5; 5], and p is constrained. Moreover, we set
the scale number S = 5, the number of inner iterations in each
scale T = 20, and the dowmsampling rate as 2. Thus, there are
200 GST parameters to be learned in the proposed iterationwise MAP framework. Other parameters, including
regularization weight _ and penalty parameters _; _1; _2; _3,
should also be non-decreasing along with the scales and
iterations. Specifically, the regularization weight _ on blur
kernel k is initialized as 1 _ 10�6,
III. EXPERIMENTAL RESULTS
In this subsection we evaluate the performance of the proposed
method on real blurry photographs, and compare it with the the
top two competing methods based on Tables and III, i.e., Fig.
13 shows
Run “Deblurring.m” to open GUI, and click “Load Image”.

For the parameters, the default setting can work well for most
images. If necessary, 3 parameters can be tuned.
1)
Kernel Size：width and height keep the same.
2)
Noise SD： std. of Gaussian noise, which ranges in
[1, 25]. For real blurry images, the value in 2-10 can provide
satisfactory results.
3)
Kernel p： sparsity of blur kernel, p value ranges in
[0, 1], and the value in [0, 0.5] works well.
Click “Run” to start kernel estimation.

II. IMPLEMENTATION
In our implementation, some extra constraints are taken to
improve the robustness and stability of the learned iteration
wise GST operators. In [8, 15, 19, 20], the regularization
parameter _ begins with some small value and gradually
increases along with the iteration numbers. As to the p value,
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If “Show intermediate kernel”, the current estimated kernel
will be shown.
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although all the results are not good, the result by our method
is visually more pleasant, while the distortions like ringing
effects are much more severe.
IV. CONCLUSIONS

The final blur kernel and clear image can be saved by “save
kernel” and “save image”.

In this paper, by generalizing the GST operator to the case with
p < 0, we proposed an iteration-wise MAP framework for blind
deconvolution. Then a discriminative learning method was
developed to learn iteration-wise GST operators from a blurry
image set. The learned GST operators begin with p < 0 to
avoid trivial delta kernel solution, and gradually increase with
iterations for accurate blur kernel estimation. The proposed
method can be directly applied to other dataset and real world
blurry images. Experimental results showed that the proposed
method performs better than the competing methods in terms
of both quantitative metrics and visual effect, and is much
faster than the state-of-the-art patch-based method. The
proposed iteration-wise learning method was designed on the
image gradients, and thus has limitations to model patch-level
structures. In our future work, we will investigate the
appropriate framework to learn iteration-wise priors for image
patches or filter responses. Moreover, to improve kernel
estimation performance, joint learning over iterations can also
be used to fine-tune the greedily learned parameters.
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Postcard
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5
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Roma_large
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5
0.2
summerhouse
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both and Sun et al. For the green and yellow close-ups,
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