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Abstract—The objective is to estimate a high-resolution image
from a single noisy low-resolution image, with the help of a
given database of high and low-resolution image patch pairs.
Denoising and super-resolution is integrated on the same
framework and is performed on each image patch. For each
given input low-resolution patch, its highresolution version is
estimated based on finding a nonnegative sparse linear
representation of the input patch over the lowresolution patches
from the database, where the coefficients of the representation
strongly depend on the similarity between the input patch and
the sample patches in the database. TV enhancement algorithm
for deblurring is performed on the image obtained after
performing superresolution and denoising.

categorized into two: multi-image SR and single-image
SR[9]
In the multi-image SR method, a HR imageis reconstructed
by taking information from multiple LR images of the same
scenario. In this method the motion estimation between LR
images is very important. But practically, it is difficult to
estimate motion between multiple blurred and noisy LR
images.
In single-image SR method, also called example learning
based SR method do not require many LR images of same
scene. Here image is considered as a set of image patches and
SR is performed on each patch [16].

Index Terms—Denoisng, image patches,superresolution. TV
algorithm

I. INTRODUCTION
The rapid development in information technology and
advancement in various medical acquisition modalities has
facilitated the development of digital medical imaging [2].
Also improvement in image storage techniques as well as
internet transmission has stirred up the practice of medicine.
By this a patient can get easily diagnosis from a specialist
present anywhere in the world by just sending the image that
describes the state of condition of the patient.
The size of medical images is high and in order to transmit
this image only possible way is to reduce its size, so that the
recipient would only get a Low Resolution (LR) image.High
Resolution(HR) images are very vital in the field of medicine
as we have to detect and discriminate the smallest possible
details that can be seen for batter detection and diagnosis.
To overcome this issue, image processing community
developed a new algorithm called superresolution for
generating HR images from LR images provided a database
that consist of a set of good example images [3]. Also
medical images may be corrupted by noise during its
acquisition as well as transmission.
Several methods to improve resolution has been proposed.
First is the interpolation method, which is the traditional
method for enhancing image resolution. This method is
unfortunately inefficient, especially when the given LR
image is corrupted by noise. This technique also introduces
blurring, ringing as well as aliasing artifacts. Another
technique is the superresolution, which consist of generating
HR image from a set of multiple LR images. SR can be

.

Fig. 1. Basic block diagram of superresolution.
II. RELATED WORKS
Several learning based method have been proposed. Some
were based on nearest neighbour search. Here, each patch of
the LR image is compared to the LR patches stored in the
database in order to obtain the nearest LR patches and hence
the corresponding HR patches. Freeman et al. [4] used a
Markov network to probabilistically model relationships
between HR and LR patches, and between neighbouring HR
patches with an approximate solution using belief
propagation. Chang et al. [5] proposed to generate HR patch
based on a linear combination of HR patches. For that, after
finding the linear combination of all the nearest LR
neighbours which are closest to a given input LR patch, the
output HR patch is estimated by replacing LR patches with
the associated HR patches in the linear combinations.
Kim et al. [6] exploited the relationship between LR and HR
patch pairs based on a regression function, which keeps time
complexity to a moderate level. The drawback of these
methods is that they highly depend on the number of nearest
for each patch of the LR input, and then use the coefficients
of this representation to generate the HR output. By jointly
training
two
dictionaries
for
the
lowand
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highresolutionneighbours. Yang et al. [8] propose a sparse
representation for each patch of the LR input, and then use
the coefficients of this representation to generate the HR
output. By jointly training two dictionaries for the low- and
highresolution image patches, the similarity of sparse
representations between the low resolution and high
resolution image patch pair with respect to their own
dictionaries is enforced [12]. Main issue regarding this
method is that it highly depends on the database of both high
and low resolution patch pairs constituting a large dataset
[10].
Sun et al. [7] proposed an image super-resolution approach
using a novel generic image prior gradient profile prior,
which is a parametric prior describing the shape and the
sharpness of the image gradients. Using the gradient profile
prior learned from a large number of natural images, we can
provide a constraint on image gradients when we estimate a
high-resolution image from a low resolution image. The
reconstructed high resolution image is sharp while has
ringing or jaggy artifacts.
III. PROPOSED WORK
Before getting into the details of the proposed method, let‟s
begin by assuming that a LR image Y is generated from a HR
image X by an image degradation model. Here we aim to
estimate HR image X from LR image Y with the help of a set
of standard images which are used to create the database that
consist of example images. Here each image is represented as
an arranged set of overlapping patches and superresolution is
performed on each patch.
The LR image Y is represented as: Y = {yil, i = 1, 2, . . ..N}
where yil is the LR image patch of size 𝑚 𝑋 𝑚 and N is the
number of image patches generated. Similarly, HR image X
is also represented in terms of HR patches as {xih, i = 1, 2,
3……, N}. The relation between LR and HR image patches
is given by:
yil= DsHxih + ηi

(1)

whereηi is the noise in ith patch. Here noise is assumed as
random noise. For the effective denoising we want to know
the amount of noise present. For that noise variance is
obtained using Principal Component Analysis as in [13],[17].
The proposed model is an integrated framework of
super-resolution and denoising, providing us both
super-resolved and denoised solutions. The basic idea is to
find a positive sparse representation of the input image over
the training dataset in which the non-zero coefficients can be
assigned to the example patches which are congruent to the
input patches. The proposed algorithm is performed in three
phases:
 Database construction phase
 Super-resolution reconstruction phase.
 Image enhancement using TV algorithm

(a)

(b)

(d)

(c)

(e)

Fig. 2. Test HR images (a) CT image of abdomen of size
540×360, (b) CT image of thorax of size 540 ×360, (c) CT
image of chest of size 540 ×360,(d) MRI image of ankle of
size 400 × 400, (e) MRI image of knee of size400 × 400.
A.Database Construction Phase
For the collection of a good database, the selection of the
example images should be such that they would contain large
varieties of intensities and different shapes [11]. Also these
example images should contain very little noise. Since the
local structures of medical images are repeated as the
standard images and the LR image are often taken from
nearby locations, small image patches tend to recur many
times inside these images. So, it is assumed that a large
number of similar patches can be extracted from the database
for a given LR image patch.
From the example images, a set {Pkh,k € I} of vectorized
image patches of size √n x √n is first extracted. We consider
Pkh as a HR patch and P kl as its correspondingLR image.
Here, the LR patch P khis considered asnoise-free one.
Consequently,
we
obtain
a
database
of
highresolution/low-resolution patch pairs as:
(Pl, Ph) = {(ukl, ukh) =

𝑝 𝑘𝑙
𝒑𝒍𝒌

,

𝑝 𝑘
𝑝 𝑘𝑙

,kεI}

(2)

B.Super-Resolution Reconstruction Phase
It consists of two main steps:
Step 1. Patch super-resolution:
Here, the sparse weight optimization model is proposed for
super-resolution and denoising on image patch and its
solution determines a positive sparse linear representation of
the input LR patch over the example patches in the database.
Step 2. Reconstruction of the entire HR image:
This step allows aggregating the final HR image using the
estimated HR patches in the first step.
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.B.1. Patch super-resolution:
To perform Superresoluion and denoising of input
imagesfirst Partition LR image Y into an arranged set of N
overlapping 𝑚 𝑥 𝑚 patches yil i=1N. Then for each patch
yil of Y, the dissimilarity criteria d(yil , ukl) need to be
computed .
The patch uklis similar to yil if there exist a constant μik› 0 as
in (1). According to the assumption for the noise component,
the mean of ηi~0.Therefore, the constant μik can be
approximately computed as:
E(yil) = μikE(ukl) + E(ηi)

𝜇𝑖𝑘 =

𝐸(𝑦𝑖𝑙 )

(3)

𝐸(𝑢 𝑘𝑙 )

we propose to use the parameter ɑik such that:
𝑎𝑖𝑘 = 𝐸 𝑦𝑖𝑙 − 𝜇𝑖𝑘 𝑢𝑘𝑙

+ 𝑉𝑎𝑟 𝑦𝑖𝑙 − 𝜇𝑖𝑘 𝑢𝑘𝑙 − 𝜎𝑖2 ≅ 0 (4)

The parameter ɑikevaluates the statistical property of noise in
the residual patch. So, the dissimilarity criterion d is defined
by:
𝑑 𝑦𝑖𝑙 , 𝑢𝑘𝑙 = 𝑦𝑖𝑙 − 𝜇𝑖𝑘 𝑢𝑘𝑙

2
2

+ 𝑎𝑖𝑘

(5)

Now determine the subset Ii with a suitable value of the
threshold ϒi ,
𝐼𝑖 = 𝑗 ∈ 𝐼: 𝑑 𝑦𝑖𝑙 , 𝑢𝑗𝑙 ≤ 𝑟𝑖

(6)

If σ ›0, compute the penalty coefficients Wi using the
equation:
𝑤𝑖𝑘 = Φ𝑖 (𝑑(𝑦𝑖𝑙 , 𝑢𝑘𝑙 ))
(7)

Fig. 3. Standard image used to construct database (a) CT
image of abdomen, (b) CT image of thorax, (c) CT image of
chest,(d) MRI image of ankle, (e) MRI image of knee.
When is obtained αi, the desired HR patch can be estimated
as:
𝑋𝑖 =

𝑘 ∈Ι 𝑖

𝛼𝑖𝑘 𝑢𝑘

(11)

Likely, by considering that the denoised patch is represented
as a nonnegativesparse linear combination of the LR patch in
the database, a denoised version is obtained as follows:
𝑦𝑖𝑙 = 𝑈𝑖 𝛼 𝑖 =

𝑘∈Ι 𝑖

𝛼𝑖𝑘 𝑢𝑘𝑙

(12)

Φi(.) in the above equation is defined by Φi(t) = t if σi = 0.
The problem of finding the vector αi is formulated as a sparse
decomposition problem. To save computation time the
problem should be considered on the subset Ii,
𝛼 𝑖 = 𝑎𝑟𝑔 min

1

𝛼 ≥0 2

𝑦𝑖𝑙 − 𝑈𝑖 𝛼

2
2

+ 𝑊𝑖𝑇 𝛼

(9)
(a)

(b)

(c)

ukl

whereUiis the matrix whose columns are the vectors
and
wi is vector obtained by summing all coefficients 𝜆(1 + 𝑤𝑖𝑘 ).
The above problem is solved using an algorithm called
multiplicative updates algorithm for Non Quadratic
Programming as shown below:
Algorithm 1:MultiplicativeUpdatesAlgorithmForNQP
Fig. d

Input :𝛼 = 𝛼0 > 0 , number of iterations T
Updating : t=0
While𝑡 < 𝑇 & 𝑦𝑖𝑙 − 𝑈𝑖 𝛼𝑡

2
2

> 𝑚𝜎𝑖2

𝛼𝑡+1 = 𝛼𝑡 .∗ 𝑈𝑖𝑇 𝑦𝑖𝑙 ./ 𝑈𝑖𝑇 𝑈𝑖 𝛼𝑡 + 𝑤𝑖 ;
t=t+1;
End
Output : αi = αt

(10)

Fig. e

Fig. 4. Noisy LR images corresponding to test HR images (a)
Noisy LR image of abdomen, (b) Noisy LR image of thorax,
(c) Noisy LR image of chest, (d) Noisy LR image of ankle,
(e) Noisy LR image of knee.
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(a)

(b)

algorithm to compute TV based estimate are developed on
continuous domain. But practically, since computer
implementation can only handle image on discrete lattice, the
solution derived on continuous domain have to be replaced
by discrete formulation. TV deblurring follows discretizing
the problem and then using finite dimensional optimization
algorithm.
This
method
belong
to
class
of
Majorization-Minimization [21].

(c)

MM algorithm is an iterative optimization method exploit the
convexity of a function inorder to find their corresponding
maxima or minima. Each iteration consist of minimizing a
quadratic function. Here we do not need to minimise the
majorizer function but only to assure that it decreases. So
instead of computing exact solution of a large system of
equation, simply run a few iteration of conjugate
gradient(CG)[20].

(d)
Fig. 4. Reconstructed image after superresolution and
denoising. (a) SR image of abdomen, (b) SRimage of thorax,
(c) SR image of chest, (d) SR image of ankle
B.2.Reconstruction ofthe Entire HR Image
In this step Fusion Algorithm and Iterative Back Projection
(IBP) algorithm were used to aggregate the HR image
patchesinto an entire HR image [18]. For that the estimated
HR patches are placed in proper location in HR grid. A
coarse estimate of HRimage is obtained by averaging in the
overlapping regions. The estimate of denoised image Ydenoise,
is also obtained in the same way by replacing noisy patches
with noise-free patches and performing averaging in the
overlapping regions.
The final HR image Xfinalis computed as the minimizer of the
following problem:
2

min𝑋 𝑋 − 𝑋 𝑐𝑜𝑎𝑟𝑠𝑒 2 subjected to DsHX = Ydenoise(13)
The IBP algorithm is used to solve this problem:
𝑋𝑡+1 = 𝑋𝑡 + 𝑌 𝑑𝑒𝑛𝑜𝑖𝑠𝑒 − 𝐷𝑠 𝐻𝑋𝑡 . ↑𝑠 ∗ 𝑝 (14)
whereXtis the estimate of the HR image at the t-th iteration,
↑s denotes up-scaling by factor s, p is a symmetric Gaussian
filter.
C. Quality Enhancement Using TV Algorithm
The image obtained after performing the above method was a
superresolution image in which noises are effectively
removed but these images were blurred in nature. TV
regularization is a standard technique for preserving sharp
discontinuities and hence an effective tool for image
deblurring [19]. Total Variation (TV) image deblurring
problem is considered by minimizing the following energy
functional in an open rectangular domain 𝛺 in R for unknown
image U to restore using a linear bluring operator H.
E(u) = 𝛼 2 𝐻𝑢 − 𝑓

2
𝐿2 𝛺

+

𝛺

∇𝑢 𝑑𝑥

IV. PERFORMANCE EVALUATION
A. Experimental Configuration
Five 8-bit images shown in Fig. 2: CT of abdomen, CT of
thorax, CT of chest, MRI of ankle, and MRI of knee are used
to perform experimental tests. The training databases are
established with the same set of five standard images as
illustrated in Fig. 3. For each test image in Fig. 2, a
corresponding standard image in Fig. 3 is used as example. In
all experiments, the LR image is created from the
corresponding test image in three steps: first, the test image is
blurred by a 7 × 7 Gaussian filter with standard deviation 1,
then downsampling by a factor 2, and then Gaussian noise
with standard deviation σ is added into the decimated image.
Default size of the HR patches and LR patches are 5 × 5, rand
the parameter λ is set to 0.001
B. Experimental Results
In order to evaluate the objective quality of the final images,
two quality metrics, namely Peak Signal to Noise Ratio
(PSNR) and Structural SIMilarity(SSIM) is used.PSNR is the
quality measurement between the original image and the
reconstructed image which is calculated through the mean
squared error (MSE). The MSE represents the cumulative
squared error between the compressed and the original
image, whereas PSNR represents a measure of the peak error.
These parameters are calculated as follows: where I(i,j) is the
input image and K(i,j) is the output image.
𝑃𝑆𝑁𝑅 = 10𝑙𝑜𝑔

255 2
𝑀𝑆𝐸

(16)

To describe the subjective quality of the image SSIM is used.
Compared with PSNR, SSIM better expresses the structure
similarity between the recovered image and the reference
one.
PSNR,MSE and SSIM values for different reconstructed
imageslisted in Table I.
.

(15)

The value of ɑ > 0, is a fidelity parameter. The second term is
total variation of U and represents the energy obstruction to
high frequency noise affecting original image. Most
776
ISSN: 2278 – 909X

All Rights Reserved © 2015 IJARECE

International Journal of Advanced Research in Electronics and Communication Engineering (IJARECE)
Volume 4, Issue 4, April 2015
REFERENCES
[1] D. Trinch, M. Luong, F. Dibos, J. M. Rocchisani, C. D. Pham, and T. Q

(a)

(b)

(c)

(d)

(e)

Fig. 5. Image obtained after performing TV enhancement
algorithm for deblurring to the reconstructed image (a) SR
image of abdomen, (b) SRimage of thorax, (c) SR image of
chest, (d) SR image of ankle, (e) SR image of knee.
TABLE 1: Quality assessment results of final image
compared with input LR image.
METHODS

PSNR

SSIM

Image a

58.16

0.991

Image b

56.88

0.984

Image c

58.33

0.987

Image d

59.24

0.989

Image e

60.19

0.994

V. CONCLUSION
In this method superresolution and denoisingis integrated on
the same framework effectively. Here images are
reconstructed with HR for given noisy LR images. The
success of this method relies on theselection of good quality
standard images used asexamples for the construction of the
database of HR and LR patch pairs. Here problem is
formulated as a sparse decomposition optimizationproblem
with penalty function expressed in terms of dissimilarity
betweenpatches.TV enhancement algorithm is performed to
the superresolution image inorder to obtain a better quality
image. Thus this method for medical images are very
promising, and provide large scope demonstratingthe ability
of the method for the potential improvement of
diagnosisaccuracy.

.Nguyen, Novel Example-Based Method for Super-Resolution and
Denoising of Medical Images, IEEE Trans. Image Process., vol. 23, no. 4,
pp. 1882-1895, Nov. 2014.
[2] M. D. Robinson, S. J. Chiu, C. A. Toth, J. A. Izatt, J. Y. Lo, and S. Farsiu,
“Super resolution imaging”, Novel Applications of Super- Resolution in
Medical Imaging. Boca Raton, FL, USA: CRC Press, 2010,pp. 383-412
[3] J. Yang and T. Huang, “Super-resolution imaging”, in Image SuperResolution: Historical Overview and Future Challenges. Boca Raton, FL,
USA: CRC Press, 2010.
[4] W. T. Freeman, T. R. Jones, and E. C. Pasztor, “Example-based
superresolution,” IEEE Comput. Graph. Appl., vol. 22, no. 2, pp. 56–65,Apr.
2002.
[5] H. Chang, D. Yeung, and Y. Xiong, “Super-resolution through neighbour
embedding,” in Proc. IEEE CVPR, Jul. 2004, pp. 275–282.
[6] K. I. Kim and Y. Kwon, “Example-based learning for single-image
super-resolution,” in Proc. DAGM, 2008, pp. 456–465.
[7] J. Sun, J. Sun, Z. Xu, and H. Shum, “Image super-resolution
usinggradient profile prior,” in Proc. IEEE CVPR, Jun. 2008, pp. 1–8.
[8] J. Yang, J. Wright, T. Huang, and Y. Ma, “Image super-resolution
viasparse representation,” IEEE Trans. Image Process., vol. 19, no. 11,pp.
2861–2873, Nov. 2010.
[9] M. Irani and S. Peleg, “Motion analysis for image enhancement:
Resolution,occlusion and transparency,” J. Vis. Commun. Image
Represent,vol. 4, no. 4, pp. 324–335, Dec. 1993.
[10] J. Yang, J. Wright, T. Huang, and Y. Ma, “Image super-resolution
assparse representation of raw image patches,” in Proc. IEEE CVPR,
Jun. 2008, pp. 1–8.
[11] J. Yang, Z. Wang, Z. Lin, S. Cohen, and T. Huang, “Couple
dictionarytraining for image super-resolution,” IEEE Trans. Image
Process.,vol. 21, no. 8, pp. 3467–3478, Aug. 2012.
[12]X. Gao, K. Zhang, D. Tao, and X. Li, “Image super-resolution
withsparse neighbor embedding,” IEEE Trans. Image Process., vol. 21, no.
7,pp. 3194–3205, Jul. 2012.
[13]D. Muresan and T. Parks, “Adaptive principal components and
imagedenoising,” in Proc. IEEE ICIP, Sep. 2003, pp. 101–104.
[14] C. Liu, W. T. Freeman, R. Szeliski, and S. B. Kang, “Noise
estimationfrom a single image,” in Proc. IEEE CVPR, vol. 1. Jun. 2006,pp.
901–908.
[15] P. O. Hoyer, “Non-negative sparse coding,” in Proc. 12th IEEE
WorkshopNNSP, Martigny, Switzerland, Sep. 2002, pp. 557–565.
[16] D. Glasner, S. Bagon, and M. Irani, “Super-resolution from a
singleimage,” in Proc. ICCV, 2009, pp. 349–356.
[17] S. Pyatykh, J. Hesser, and L. Zheng, ”Image Noise Level Estimationby
Principal Component Analysis,” in proc. IEEE trans. image process,vol. 22,
no. 2, february 2013
[18] S. Dai, M. Han, Y. Wu, and Y. Gong, „Bilateral back-projection
forsingle image super resolution,‟in Proc. IEEE Int. Conf. MultimediaExpo,
Jul. 2007, pp. 10391042.
[19] D. Singh, R. K. Sahu,„A Survey on Various Image Deblurring
Techniques,‟J.Electron. Scis. Technol., vol. 10, no. 2, pp. 124129, Jun. 2012.
[20]J. M. bioucas-dias, m. a. t. figueiredo, and j. p. oliveira, “Total
variation-based image deconvolution: a Majorization-Minimization
approach,”Instituto Superior Tecnico, Portugal.
[21]Y. Wang, J. Yang, W. Yin and Y. Zhang, “A New Alternating
Minimization Algorithm for Total Variation Image Reconstruction,” SIAM
J. Imaging Sciences, Vol. 1, No. 3, pp. 248–272, 2008.

777
ISSN: 2278 – 909X

All Rights Reserved © 2015 IJARECE

