Sensors & Transducers, Vol. 157, Issue 10, October 2013, pp. 289-294

g
"

www.sensorsportal.com

Sensors & Transducers

© 2013 by IFSA
http://www.sensorsportal.com

Super-resolution Based on Two Dictionary-Pairs

Xin Li, Xiuchang Zhu

Jiangsu Province Key Lab on Image Processing & Image Communication,
Nanjing University of Posts and Telecommunications, Nanjing, 210003, China
Tel.: +86-2583492416
E-mail: lixin@njupt.edu.cn, zhuxc@njupt.edu.cn

Received: 11 August 2013 /Accepted: 25 September 2013 /Published: 31 October 2013

Abstract: For learning-based super-resolution reconstruction, the selection and training of dictionary play an
important role in improving image reconstruction quality. A super-resolution algorithm based on two dictionary-
pairs is proposed in this paper. This algorithm selects image’s high- and mid-frequency components as the
features of high- and low-resolution patches respectively, and gets the first dictionary-pair, i.e. joint-basic
high/low-resolution dictionary-pair, by means of joint training. Then it calculates the difference between
original high/mid-frequency components and reconstructed high/mid-frequency components with the first
dictionary-pair, and composes the second dictionary-pair, i.e. residual high- and low-resolution dictionary-pair.
During super-resolution reconstruction, the high-frequency component and residual high-frequency component
of low-resolution image are reconstructed respectively with the above two dictionary-pairs. The experiment
results show that, the subjective and objective reconstruction quality could be effectively improved by our

proposed algorithm. Copyright © 2013 IFSA.
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1. Introduction

Super-resolution (SR) for single-frame image is
the method to recover a high-resolution (HR) image
from a low-resolution (LR) image, which is useful in
practices such as the restoration of historic
photographs, enlargement "thumbnail" images on
web pages. SR is a typical ill-posed inverse problem
[1, 2] with infinite solutions.

Current SR algorithms can be classified into three
types [3], i.e. interpolation-based, reconstruction-
based, and learning-based. Interpolation-based
algorithms [4, 5], including bilinear and bicubic
interpolation, tend to generate overly smooth images.
Especially if the amplification factor is large, the
image edges and details will be lost, resulting in
blurred image problem. The most typical
reconstruction-based algorithm is iterative back-
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projection (IBP) [6], which has faster convergence
speed. However, its solution is not unique. So usually
regularization is necessary for IBP, such as total
variation [7, 8], soft edge smoothness prior [9],
gradient profile prior [10] etc., according to different
kinds of image’s a prior information. The difficulty
of this kind of algorithms is the establishment of a
priori knowledge, and the drawback is the limitation
of a priori. Learning-based SR [11-17] is a research
hotspot in recent years. By finding the correlation
between HR and LR image patches with machine
learning method, high-frequency details are
estimated, and finally HR image could be predicted.
Freeman [12] proposed an example-based SR. This
algorithm established the mappings between HR and
LR image patches by hidden Markov model. Then
according to the Bayesian maximum a
posteriori (MAP) criterion, it uses the steepest
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descent method to find a local maximum. Chang [15]
proposed a SR through neighbor embedding. Based
on manifold learning, this algorithm tries to find the
locally linear embedding coefficients of the LR
image patches, which are nearest to the target image
patch, and recovers the HR image patch with the
linear combination of the same coefficients.
Yang [17] proposed the sparse representation based
SR algorithm. By learning the correlation of sparse
coefficients between HR and LR image patches,
over-complete dictionary-pair comprising HR and LR
image patches is trained. For each test patch, sparse
representation under the over-complete dictionary is
obtained by the approach of linear programming.
Then finally HR image is reconstructed with these
weighting coefficients.

Chang and Yang’s algorithm only remove the
mean value of HR image patches when training HR
dictionary, so they cannot fully reflect high-
frequency details of HR image. In this paper, in order
for dictionary training, we select the high- and mid-
frequency components as the features of HR and LR
image patches respectively, and get Joint-Basic
HR/LR Dictionary-Pair. According to statistical
analysis, there are still much high-frequency details
in the residual, after reconstructed high-frequency is
subtracted from original high-frequency. So we make
use of high- and mid-frequency residuals to construct
Residual HR/LR Dictionary-Pair. By applying the
two dictionary-pairs to LR image, the reconstruction
quality could be greatly improved.

2. Construction of Two Dictionary-pairs

2.1. Sparse Representation Model

nxN

Suppose the over-complete dictionary D e R
(N>n) with N atoms could sparsely represent the

signal x € R", i.e. x = Do, where € R" only has
k (k<<N) non-zero coefficients. This is the basic idea
of sparse representation. In SR reconstruction, LR
image is obtained by projecting HR image with
v = SHx, where S is a down-sampling operator, and H
is a blurring filter. Then image SR could be
expressed by

min”a”o s.t. y=SHD« €))

It means if sparse representation coefficients
could be got by means of LR image y, then HR image
will be recovered. Eq. (1) has been proved to be a
NP-hard problem, so usually only approximate
solutions are needed, such as Matching Pursuit (MP),
Orthogonal Matching Pursuit (OMP), and other
greedy algorithms. In 1999 Donoho [18] found, if the
signal representation vector is sparse enough in a
signal sparse decomposition problem, then /;-norm
could replace ly-norm and above problem will be
converted to a convex optimization problem as
following:
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Thus it can be seen that, a proper over-complete
dictionary is the key to solve the problem.

2.2. Training for Joint-Basic HR/LR
Dictionary-Pair

In practice when training the dictionaries, the
selected HR/LR image patch pairs may not be image
patches themselves, but could be other features
of image patches to show their characteristics. [12]
chooses the high- and mid-frequency information as
the features of HR/LR image patches respectively.
[15] and [17] selected the mean value removed image
patch as the feature of HR image patch, and first and
second order gradients of the image patch as the
feature of LR image patch. Considering people are
more sensitive to high-frequency details, in this paper
high- and mid-frequency information are selected to
be the features of HR and LR image patches
respectively, which are also used to train the first
dictionary-pair, i.e. joint-basic HR/LR dictionary-

pair. Let {I:; ,I:Z} be the HR/LR image patch pair,

where P = {xhl,xhz,---th} are the high-frequency
components of sampled HR image patches, and

Py:{ Vs Vs ymL} are the mid-frequency
components of the corresponding sampled LR

image patches.

Our goal is to find a

pair {Dh , Dl} , which makes the corresponding image

target dictionary

patch’s high-frequency component x,, and mid-
frequency component y = have the same sparse

representation coefficients in D, and D, .

(A} =agminlle DAL AL
{D,,A} = ar%n:in HPy —DIAH+’1”A”1’ “

where A = {06[ };

representation, and A is the balance between sparsity
of the solution and fidelity of the approximation to y.

To ensure the sparse representation coefficients
for HR and LR dictionary are same, we combine the
two dictionaries and train them simultaneously. The
image patch pairs for dictionaries training are

is the coefficient matrix of sparse

1
norm(F P)
NM '
P= s

1
norm(F P)
NIy
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where norm(.) is normalization operator. M and N are
the dimensions of the HR and LR image patches in
vector form respectively, and they are used as
weights to ensure the consistency in joint training.

1
Dh
N M .
Let D= . be the target dictionary.
Dl

JIN

Eq. (3) and (4) can be combined and rewritten as

(D.A}=agmin{|P-DA[+2JAL ) 5)
DA

Eq. (5) is not convex in either D or A. However if
one is fixed, the other will be convex, and could be
solved by corresponding optimization method.
The training process of joint-basic HR/LR dictionary-
pair is shown below in algorithm 1.

Algorithm 1: training algorithm for joint-basic
HR/LR dictionary-pair

1) Input: Training image patch pairs P, dictionary
size K.

2) Initialization: Initialize dictionary D € RN

. . . MxK
with a Gaussian random matrix, where D, € R""

and D, € R . Note that each column of dictionary

D should be normalized.
3) Iterations until convergence:
a) Fix D, update A with linear programming.

A= arg/{nin {IIP—DAIE + }“”/\”1} (©)

b) Fix A, update D

D = argmin ||P - DA||§
(o)

S.t.
Ip|; <Li=12,...K, 7

where D; is the column vector of dictionary D, i.e.
every atom of it. This is a Quadratically Constrained
Quadratic Programming problem, and many
optimization packages could solve the problem.

Lasso  algorithm [19] is adopted  in
this paper.
4) Output: joint-basic HR/LR dictionary-pair
{Dh ’ Dl } :

2.3. Construction of Residual HR/LR
Dictionary-Pair

With the joint-basic HR/LR dictionary-pair
trained in last section, HR image could be

reconstructed by learning-based SR algorithms. We
get the residual mid- and high-frequency images, by
subtracting the reconstructed mid- and high-
frequency information from the original mid- and
high-frequency information. As shown in Fig. 1, the
difference between reconstructed mid-frequency and
original mid-frequency is small, but some high-
frequency details can still be seen in the residual
high-frequency image. So we make use of residual
mid- and high-frequency information to further
predict the image’s high-frequency details.

(@ (b)

(© (d)

(© ®

Fig. 1. Residual mid- and high-frequency image.
(a) mid-frequency image,
(b) high-frequency image,
(c) reconstructed mid-frequency image,
(d) reconstructed high-frequency image,
(e) residual mid-frequency image,
(f) residual high-frequency image.

Define residual HR image patches ReP =

={Rex Rex,,,...,Re xhr}, and residual LR image

h1?
patches ReP = {Reyml,Reymz,...,ReymT} . Kim
[20] calculated the sum of absolute difference for
residual HR image patches and residual LR image

patches respectively, and found strong correlations
between them. Therefore in this paper, residual HR
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and LR image patches are used to construct the
second dictionary-pair, i.e. residual HR/LR
dictionary-pair, in order to improve the
reconstruction quality further.

If residual patches are normalized with the
training method in algorithm 1, mean value will be
lost. As a result, residual HR/LR dictionary-pair
should be directly composed of residual HR and LR
image patches without joint training, i.e.

{ReD,,ReD,} ={Re P ,ReP}.

3. Proposed SR Algorithm Based on Two
Dictionary-pairs

According to above discussion, SR reconstruction
problem needs to solve Eq. (2). If apply the

dictionary-pair {Dh , Dl} trained in section 2.2 into
Eq. (2), Then Eq. (2) can be rewritten as

a=agmin{|y, ~Dal +2lal . ®)

where y, is the mid-frequency component of LR

image patches.
Firstly high-frequency component is
reconstructed by use of the first dictionary-pair

x,=D,a . To get better quality of HR image

patches, then residual HR/LR dictionary-pair is used
for the second reconstruction. Since residual HR/LR
dictionary-pair is only combination of residual
patches, our proposal is to use simple neighbor
embedding (NE) to get the residual high-frequency

ReXx, of the Then by

superimposing the high-frequency component and
residual high-frequency component on LR image
patches, we will get the final HR image patches.

To reduce the blocky artifacts caused by patch by
patch processing, we make certain number of pixels
in adjacent patches overlapped when extracting
patches, and then combine HR image patches to get

component image.

HR image X . Moreover IBP algorithm is adopted for
global optimization constraints.

Algorithm 2: SR algorithm based on two
dictionary-pairs

1) Input: trained joint-basic HR/LR dictionary-
pair {Dh,Dl} , residual HR/LR dictionary-pair

{Re D,,ReD, } ,and LR image Y.

2) Initialization: get the same size LR image with HR
image by Dbicubic interpolation, extract the
corresponding image patch y, and ensure that the
adjacent image patches have overlapping pixels in
each direction.

3) Iteration until all the image patches are processed:

a) Calculate the mid-frequency component y  of

LR image patch y. Get the optimized sparsity
coefficients according to Eq. (8).
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b) Get the image’s reconstructed high-frequency

component X, =D,a and reconstructed mid-

frequency component y =D, .

¢) Calculate residual mid-frequency

component Rey =y —9 . Get residual high-

frequency component ReX, with neighbor

embedding algorithm.
d) Get HR image patch X = y + X, + Re X, .

Output of interaction: HR image X consolidated
from HR image patches X .

4) For X , solve the global optimization constraint
with IBP algorithm.

2 A 112
X' =arg min{”Y—SHX”Z +¢|x —XHQ} ©)
X

5) Final Output: HR image X~ , solved by our
proposed SR algorithm based on two
dictionary-pairs.

4. Experimental Results and Analysis

A series of experiments are done to verify the
effectiveness of our proposed algorithm as following.
HR images are obtained by three times amplifying
LR images. The sizes of HR/LR image patches and
residual HR/LR image patches are all 5x5. The sizes
of joint-basic HR/LR dictionaries, i.e. the number of
atoms in a dictionary, are 512. And the sizes of
residual HR/LR dictionaries are 10000.

It’s shown in Fig. 2 and Fig. 3 that, bicubic
interpolation makes image blurred, and method [15]
could get good HR image. For our proposal, even if
only joint-basic HR/LR dictionary-pair is used, it still
could get better reconstruction quality than
method [15]. The reason is method [15] only removes
the mean value, while our algorithm selects high-
frequency component as the feature of HR image,
resulting in better reflection of image’s high-
frequency information. Furthermore, if our proposed
two dictionary-pairs algorithm is applied to SR, even
better image details will be obtained. Both subjective
and objective quality could be evidently improved.

5. Conclusions

A SR algorithm based on two dictionary-pairs is
proposed in this paper. Firstly, this algorithm selects
image’s high- and mid-frequency components to
compose HR/LR image patch pair, in order for the
training of joint-basic HR/LR dictionary-pair.
Secondly, to construct residual HR/LR dictionary-
pair, it calculates the residual high- and mid-
frequency components with the reconstructed high-
and mid-frequency components.
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Fig. 2. The SR results (scaling factor 3) on image Dancer.
Top row: LR image, bicubic interpolation (PSNR = 28.43 dB, SSIM = 0.8234),
method [15] (PSNR = 29.73 dB, SSIM = 0.8526).
Bottom row: single dictionary-pair (PSNR = 30.59 dB, SSIM = 0.8751),
two dictionary-pairs (PSNR =31.11 dB, SSIM = 0.8882), Original HR image.

Fig. 3. The super-resolution results (scaling factor 3) on image Butterfly.
Top row: LR image, bicubic interpolation (PSNR=29.57 dB, SSIM = 0.8847),
method [15] (PSNR = 31.57 dB, SSIM= 0.9095).

Bottom row: single dictionary-pair (PSNR = 32.09 dB, SSIM = 0.9207),
two dictionary-pairs (PSNR = 32.66 dB, SSIM = 0.9320), Original HR image.
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So SR reconstruction in our algorithm is based on
two dictionary-pairs. The experiment results show
that, our algorithm achieves much better results than
many state-of-the-art algorithms in terms of PSNR,
SSIM and visual perception.
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