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ABSTRACT
To have a unique solution of an ill-posed inverse prob-

lem, the usual way is to embed prior information in terms of
regularizer or smoothness criterion. In this work, both the in-
verse mechanism (the relationship of blur and sharp patches)
and the smoothness prior are learned simultaneously from
the image itself, in multiple scales. We have shown exper-
imentally that the proposed method outperform the existing
state-of-the-art techniques on high noise environment and
produce comparable result otherwise; moreover, it is almost
three times faster than existing ones.

Index Terms— Deblurring, patch matching, high-frequency
generation, smoothness prior, self similarity.

1. INTRODUCTION

Observed images of a scene are usually degraded by blurring
due to atmospheric turbulence and inappropriate camera set-
tings. The images are farther degraded by the various noises
present in the environment and the system. Therefore, it is
essential to get a sharp clean image from the noisy blurred
image. The relation between the noisy blurred image Y and
the desired sharp image X can be represented as [1][2]

Y = HX + e (1)

where Y , X and e represent lexicographically ordered col-
umn vectors of the observed image, desired sharp image and
the additive noise respectively. H is the blurring matrix in-
corporating camera lens/CCD blurring as well as atmospheric
blurring.

Image deblurring (i.e., solving (1)) is one of the classical
inverse problems in image processing and it has been studied
in both frequency and spatial domains extensively in last few
decades. In frequency domain Wiener filter [3] is the most
popular one that minimizes the mean square error. In spatial
domain, the solution can be obtained by solving an uncon-
strained optimization problem, i.e.

X̂ = arg min
X
{1

2
‖HX − Y ‖22 + µΥ(X)} (2)

where µ is the regularization parameter (also known as La-
grange multiplier) that controls the emphasis between the data

error term (first term) and the regularization term (second
term). Υ(X) mostly represent the smoothness criterion by
means of energy in first or second order derivative. Note that
deblurring and de-noising are contradicting requirement. De-
blurring method is an inverse problem and in the noisy envi-
ronment, it is an extremely ill-posed problem. There is a se-
quence of work done based on iterative shrinkage threshold-
ing algorithm (FISTA) [2], (MFISTA) [4] for finding out best
possible regularization term Υ(X) and solving (2) efficiently.
The TV regularization [4] [2] (L1 norm of the gradients or
high-frequency wavelet components) is the most popular one.

There are some work done on patch based image restora-
tion with the sparsity and nonlocal assumption of patches.
Recently patch based processing getting more attention and
some patch based algorithms [5] are giving excellent result.
The another approach [6][7] combines the power of both the
approaches: frequency domain (Wiener filter) and spatial do-
main (patch-based). SA-DCT [8] and BM3D [6] are two of
the popular algorithms which are developed by combining the
power of both the approaches and are still the state-of-the-art
methods for image restoration.

We observe that in very low noisy environment BM3D[6]
can produce good result; however, in high noisy condition
output is not satisfactory. In this work we develop a patch-
based deblurring method which can produce better result
in case high noise than that of state-of-the-art methods and
comparable in low noise environment. We learn the image
smoothness prior Υ(X) and also the blurred and sharp im-
age patch pairs from the image itself. It is well established
that in a natural image, an image patch reoccurs with almost
certainty in the image itself either in the same scale or lower
scale [9]. So it would be very natural choice to learn these
correspondence and natural image prior from the image itself.

This method is motivated by the fast single frame super
resolution method by Glasner et. al. [10], where they learn the
low resolution and high resolution patch correspondence from
the image itself and get excellent result. Here we propose a
learning strategy of blurred-sharp patch pairs and also image
smoothness prior from the image itself in multiple scales. The
proposed algorithm uses PatchMatch[11] architecture and can
produce excellent output in almost real time. Moreover, pro-
posed approach is more robust to noise present in the image.
The only tuning parameters are the size of the patch and the



number of iterations in back-projection. However, those pa-
rameters are not very critical in terms of producing outputs.

The rest of the paper is organized as follows. In the next
section we describe the main intuition behind the proposed
algorithm, followed by a detail description. In Section 3, we
show some results and finally conclude with some pros and
cons of the proposed algorithm and future work direction in
Section 4.

2. PROPOSED METHODOLOGY

In this section we describe the proposed method in detail. Our
approach contains three main steps (i) de-noising the blurred
and noisy image, (ii) generating initial sharp image based on
the learning the blur and sharp patch pairs, and (iii) finally
back-projecting the generated sharp image to the denoised
blurred image to get the actual sharp deblurred image. The
main steps of the algorithm can be summarized in the flow-
chart 1 and in the algorithmic form as follows:

Algorithm 1 : Deblur an image in high noise environment
1. Input : Noisy blurred image Y and blur kernel or the

blurring operator H .

2. Denoise the image by wavelet hard-thresholding to gener-
ate the noise-free blurred image Ŷ .

3. Downsample the original noisy blurred image Y into
smaller scales and blur them by H . We do this in mul-
tiple scales to generate a pair of blurred and sharp image
pyramids (H ↓n Y ; ↓n Y ).

4. Then from these pair of blurred-sharp image pyramids
learn the blurred and sharp patch correspondence (x, y)
and replace each blurry patch y (overlapping) of the de-
noised blurred image by the corresponding sharp patch x
from the pyramid.

5. Do the aggregation of the overlapping portions of esti-
mated sharp patches to get the sharp image X̂ .

6. At the end back-project the estimated high-frequency im-
age X̂ into the blurred and denoised image Ŷ to get the
sharped deblurred image X .

These steps are described in detail as follows.

2.1. Denoising the noisy and blur Image

We use an adaptive wavelet hard thresholding technique [1]
to denoise the noisy blurred image. The threshold is de-
rived from a Bayesian framework, where the prior used on
the wavelet coefficients is the generalized Gaussian distribu-
tion. It is called BayesShrink threshold and is obtained by
minimizing a Bayesian risk with squared error.

Fig. 1. Flow chart of the proposed deblurring technique.

2.2. High-frequency Generation technique

We learn the blur and sharp patch correspondence from the
input image itself. As depicted in figure 1, a pair of blur and
sharp pyramid (H ↓n Y ; ↓n Y ) is generated by resizing the
original image Y into lower resolutions (blurring and down-
sampling ↓n) and then blurred them by the blurring kernel
H . Now the patches of this pair of pyramids comprise our
database of patch pairs consisting of blur and sharp patches
(Hx, x). Moreover, as pointed out earlier, each patch would
occur again in the same image either in the same scale or in
other scales almost certainly. Hence, in our case it is highly
probable that each patch of the denoised, but blur image Ŷ
(after previous step) would occur in one of the images of the
blurred pyramid H ↓n Y and the corresponding patch from
the sharp pyramid would mimic the actual sharp patch. There-
fore, we compare each patch (overlapping) of the denoised
blur image Ŷ with the each patch of the images in the blurred
pyramid H ↓n Y and find out the best matching patch (near-
est neighbor). Then copy the corresponding sharp patch from
the sharp pyramid ↓n Y to the appropriate location and ag-
gregate them to get initial sharp image X̂ . The aggregation
in the overlapping region of the neighboring sharp patches is
obtained by the weighted sum of the patches. Note that the
comparison between patches is done based on SSD between
patches and the corresponding weights are obtained by apply-
ing sigmoid over the SSD values.

Since a blurred image when downsampled essentially be-
comes a sharp image. i.e ↓n Y is a sharp image Xn (Say).
In the pyramid pair, one contains blur images HXn and the
other the sharp Xn. Therefore, learning patch pairs from this
pyramid pair actually minimizes the data error term of eq. (2)
in an ad hoc way. Moreover, the regularization term Υ(X̂),
which is assumed to be a smoothness prior, is satisfied as the
estimated sharp patches are obtained by aggregating the ac-
tual patches from the images (of different resolution) of the
sharp pyramid.

Under the high noise environment, after generating the



initial sharp image, we refine this image by applying same
learning mechanism for a few more iterations. However, in
this case we build the pyramid pair from the output image X̂
of the previous iteration instead of the original image Y . We
have seen experimentally that 2-3 iterations are good enough
for such condition. Since we learn the blur-sharp patch pairs
from the image itself and all of the comparison/aggregation
are done at patch level, the proposed method is more robust
than the existing algorithms. We have explored this in the
experimental section.

We use efficient PatchMatch [11] algorithm for finding
out the best match (nearest neighbor) of a patch. This al-
gorithm is very efficient and does the comparison in almost
real time. Moreover, since most of the comparisons are done
on downsampled images of the pyramid, the method is suf-
ficiently fast. In fact, we have experimentally shown that
our system is about three times faster than the state-of-the-art
methods.

2.3. Back-projection to satisfy the constraints

The fundamental constraint of deblurring like inverse prob-
lems is that after re-degrading, the image X should become
consistent with the input noisy blurred image Y as shown in
equation eq. (2). In other words, after denoising the input im-
age Ŷ should be a blurred version of the inherent sharp image
X , which can be expressed as

Ŷ = HX. (3)

Therefore, our estimated sharp image is generated satisfying
this constraint by using an iterative method as

Xt+1 = Xt + γHT (Ŷ −HXt) (4)

where Xt is the estimated deblurred image after the t-th it-
eration and γ is an iterative constant representing the step of
updation. We initializeX0 by the sharp image X̂ generated in
the previous step. The result of the back-projection X∗ is the
final estimate of deblurred image. In all our experiments, we
have iterated (4) until the solution converges to a predefined
tolerance limit and get good results.

3. EXPERIMENTAL SECTION

The proposed deblurring technique is implemented using
MATLAB 7.6 on a Linux OS with 8GB of RAM and a 3.6-
GHz Intel processor. We have used mex code for some of
the subroutines to speed up the process. We have chosen a
small down-sampling factor (s = 1.5) while generating the
pyramid pair and the images are re-sized into lower scale and
the corresponding blurred image is generated by applying
blur kernel H over the resized images.

In our first experiment, we synthesize a gray-scale image,
blur it by a Gaussian kernel (std σ = 2.5) and then add Gaus-

(a)Input Image (b)Blurred and noisy (c) After Denoising
[512x512] σ = 2.5, σn = 0.25 PSNR=24.57, SSIM=0.6366

(d)After 1st iteration (e)After 3rd iteration (f)After Backprojection
PSNR=28.27, SSIM=0.7727 PSNR=29.27, SSIM=0.8594 PSNR=29.40, SSIM=0.8715

(g) SA-DCT [8] (h) BM3D [6] (i) FISTA [4]
PSNR=26.50, SSIM=0.6491 PSNR=26.67, SSIM=0.8236 PSNR=27.43, SSIM=0.8289

Fig. 2. Comparison of reconstruction result of a synthesized
image using proposed method over some existing methods:
(a)-(b) original and blurred noisy image, (c)-(f) different steps
of proposed method, (g)-(i) results using some state-of-arts
algorithm. For better comparison kindly view the soft ver-
sion of the paper.

sian noise (std σn = 0.25). We apply the proposed deblur-
ring technique and some of the state-of-the-art methods on
this image for comparison. Detail results including quantita-
tive quality comparison (psnr & ssim) are shown in figure 2.
Next experiment is done on several standard images degraded
with fixed blurring Gaussian kernel (std σ= 2.5) and different
amount of noise (std σn= 0.03 to 0.27). We measure the quan-
titative quality in terms of psnr and ssim in each of the exper-
iments and then plot the average values over all the images
versus amount of noise as shown in figure 3. It is observed
that the proposed method produces better result compared to
most of the state-of-the-art methods under high noise condi-
tion; however it gives comparable result in low noise environ-
ment. In the table 1, we show the quality of results of differ-
ent methods along with the proposed one for individual image
under Gaussian noise with standard deviation σn = 0.2. The
best quantitative values are shown in bold font. Clearly, in
most of the cases the proposed method outperforms the oth-
ers. In figure 4, we have displayed the result of one of the



Fig. 3. Analysis of the performance of proposed method over existing methods applied on different gray images and then
average PSNR and average SSIM are plotted. Details are on text.

image (lena). Table 2 depicts the average unit time required

(a)Input noisy blurred (b) BM3D [6] (c) Proposed
σ = 2.5, σn = 0.12 PSNR=27.18, SSIM=0.8253 PSNR=27.53, SSIM=0.8279

Fig. 4. Comparison of reconstruction result of a synthesized
image using proposed method over some existing methods for
Lena image.

by different methods as in Table 1, which shows that the pro-
posed algorithm is about 3 times faster than the state-of-the-
art algorithms while generating similar or better result. We
have not explored any efficient data structure to speed-up the
process, hence timet can be further reduced by adopting an
efficient one. While working with color images, we con-
sider patches as 3D blocks and do all the comparison (near-
est neighbor search) and aggregation (weighted sum) over the
same 3D blocks. Detail results on color images, more results
on gray level images and the source code are available on our
project webpage http://www.isical.ac.in/ṽlrg/?q=node/12.

4. CONCLUSION

In this work, we have developed a fast and robust deblurring
technique based on patch learning mechanism from the in-
put noisy blur image itself. Robustness and efficiency issues
require a much detailed and careful analysis and that is be-
yond the scope of the current paper. We mention these issues
here to indicate that the proposed system can further be im-
proved by paying closer attention to these issues. It is shown
experimentally that while the proposed method can produce

Table 1. Psnr (dB) and ssim (dB) results of deblurred images
(noise level σn = 0.2)

Images FISTA SA-DCT BM3D Proposed

Peppers
26.15 26.11 26.46 26.69

0.8368 0.7831 0.8458 0.8378

Man
25.02 25.01 25.11 25.31

0.7114 0.7077 0.7207 0.7231

Barbara
22.88 22.92 23.15 23.20

0.7085 0.6881 0.7282 0.7315

Boat
24.69 24.78 24.95 25.14

0.7590 0.7169 0.7639 0.7758

Baboon
20.19 20.31 20.31 20.39

0.5089 0.5393 0.5286 0.5538

Splash
28.86 28.41 29.29 29.21

0.8550 0.7705 0.8575 0.8490

Tiffany
27.72 27.47 28.12 28.20

0.7950 0.7460 0.8118 0.8182

Zelda
28.32 28.47 29.10 29.42

0.8101 0.7955 0.8413 0.8550

Airplane
24.83 24.86 24.91 25.31

0.8194 0.7468 0.8138 0.8240

Average
25.40 25.37 25.71 25.87

0.7560 0.7219 0.7679 0.7743

Table 2. Time comparison of proposed method over different
methods.

Method FISTA SA-DCT BM3D Poposed
Time 19.7s 10.6s 11.4s 4.1s

comparable or better result compared to state-of-the-art meth-
ods and it is 3 times faster than existing ones. However, the
proposed method is not suitable for deblurring under asym-
metric/sparse kernel. In future work we would explore those
issues in detail and hopefully address other inverse methods
for imaging as well.

http://www.isical.ac.in/~vlrg/?q=node/12
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