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Super-resolution (SR) image reconstruction is the signal processing technique of fusing many low 
resolution images into a single higher resolution image. A sparse parameter dictionary framework for 
super-resolution image reconstruction is proposed, which amalgamates the feature patches of 
high-resolution and low-resolution images using sparse parameter dictionary coding. This technique 
fabricates a sparse connection between middle-frequency and high-frequency image elements and 
comprehends concurrently match searching and optimization methods. Comparison with sparse coding 
method shows sparse parameter dictionary is more dense and efficient. Sparse Kernel-Single Value 
Decomposition algorithm is applied for optimization to fasten the sparse coding process. Few 
experiments with real images depict that sparse parameter dictionary coding surpasses all other 
learning-based super-resolution algorithms in terms of PSNR. 
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INTRODUCTION 
 
Super-resolution image reconstruction is the technique of 
combining many low resolution images into a single higher 
resolution image. Imaging plays a vital role in many 
assorted areas of application, such as aerial/satellite 
imaging, astronomy, bio-medicine, high-definition 
television technology, remote sensing, microscopy, and 
tomography. There is an inspiring need for digital images 
of higher resolutions and quality. Due to imperfection of 
measuring devices (for example, optical degradations, 
limited size of sensors) and instability of the observed 
scene (for example, object motion, media turbulence), 
acquired images can be indistinct, noisy, and may exhibit 
insufficient spatial and temporal resolution. This allows the 
usage of lower resolution (and thus lower cost) imaging 
systems for a given application. Due to these apparent 
benefits many super-resolution reconstruction methods 
have been developed. Park SC et al. (2003), the major 
super-resolution techniques can be broadly classified into 
reconstruction-based        multi-frame       method        and  
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learning-based single-frame method.  
The principle of the reconstruction-based 

super-resolution method is to extract high-frequency 
information from series of low-resolution images using 
signal processing technologies. Reconstruction-based 
method assumes that the low-resolution images are 
wrapped, blurred and down-sampled for the 
corresponding high-resolution image, and through 
modeling this process, high-resolution image can be 
inversed from the series of low-resolution images. But 
some of the parameters of the model are hard to define, 
especially the registration parameter of sub-pixel between 
low-resolution images. So this method is limited to improve 
the image resolution under more common situations.  

Learning-based super-resolution method by Capel and 
Zisserman (2001) builds relationship between 
high-resolution and low-resolution image patches and 
defines the relationship as prior for super-resolution 
reconstruction. Though, most of the learning-based 
super-resolution algorithms lack effective techniques to 
represent the prior information, and it is hard to find the 
matching features from the prior. In order to break through 
the limits, a learning-based algorithm based on sparse 
coding,    which    effectively    builds    sparse    connection  



 

 
 
 
 
between high-resolution and low-resolution image patches 
with excellent results was presented. The dictionary is 
self-adaptive and represented as an explicit matrix, which 
is flexible but not regular and in lack of efficiency. Also, 
complexity constraints limit the size of the dictionary. 
Rubinstein et al. (2009) presented a parameter model 
called sparse parameter dictionary to balance efficiency 
and adaptivity, which decomposes each atom in the 
dictionary by a basis dictionary. This model has a simple 
and high adaptive structure.  

This paper establishes a super-resolution technique 
based on the sparse parameter dictionary, and combining 
sparse coding based super-resolution model. 
Super-resolution results and algorithm efficiency are 
certainly enhanced. This paper applies the sparse 
parameter dictionary coding technique to super-resolution 
reconstruction, which maintains adaptivity and flexibility, 
but also its regularity and efficiency. Comparison with 
other several learning-based super-resolution methods 
shows the effectiveness of our technique. As compared 
with Yang's sparse coding method, high-frequency 
component is chosen instead of the original 
high-resolution image, which helps to reduce the 
complexity of computing and the result shows a better 
performance.  
 
 

RELATED WORK 
 
In recent years, many techniques have been established 
to address the issue of image resolution. Supervised 
dictionary learning techniques for sparse coding, 
Kathiravan and Kanakaraj, (2011) have attracted much 
attention in present generation.  Some approaches learn 
multiple dictionaries or category-specific dictionaries 
incorporate a boosting procedure into dictionary learning 
and learn multiple dictionaries with complementary power. 
Freeman et al. (2000) primarily presented learning-based 
super-resolution technique, which assumes that an image 
consists of three components: high-frequency (HF) 
component h, middle-frequency component m and 
low-frequency component I. Also, the method is based on 
a hypothesis that the low-resolution image is the result 
which is discarded HF component from the corresponding 
HR one. The goal of learning-based method is to restore 
the HF component from low - and middle-frequency 
component: maximizing the probability p(hΙm, l). In 
addition, h is independent of I, the probability problem can 
be simplified as p(hΙm). In the field of face 
super-resolution, Baker and Kanade (2002) primarily 
presented the idea of face hallucination, which is mainly 
aiming at recognition of human faces. This method picks 
the first order and second order gradients of Laplacian and 
Gaussian pyramid of the image as its feature space. This 
method may be called second kind learning-based 
super-resolution method. Following, Liu et al. (2001) also 
presented a similar idea, which unified the global structure 
and local feature information of face image. Hertzmann et  

Kanakaraj and Kathiravan          587 
 
 
 
al. (2001); Efros and Freeman (2001) presented a local 
feature transform method, which based on local similarity 
between images to analogy similar image.  

The idea of image analogies could also been used for 
image super-resolution, which may be called the third kind 
learning-based super-resolution algorithm. Rajaram et al. 
(2006) presented a non-parameter pursuit algorithm, 
which modeled the image as undirected graphical model 
over image patches in which the compatibility functions 
are represented as nonparametric kernel densities. Chang 
el al. (2004) defined small image patches in both the low 
and high-resolution images as two distinct feature spaces 
which formed manifolds with similar local geometry. The 
model is inspired by manifold learning methods, 
particularly locally linear embedding (LLE). Kim and Kwon 
(2008 and 2010) proposed a learning framework based on 
kernel ridge regression (KRR), in which a sparse solution 
is supplied as combining the ideas of kernel matching 
pursuit and gradient descent. Wu and Gong (2008) 
applied image analogies method to pass local information 
onto lower resolution image and to achieve resolution 
enhancement. This model is based on the property that 
image hold similar local structure at different resolution 
and preserve it stably in the scale space. However, most 
learning-based SR methods have two steps: matching K 
similar feature examples from training set; optimization 
estimation based on the K examples. This method is 
limited by the quality of the K candidates, which limited the 
freedom of the model and wasted prior information of other 
patches in the training set. To break through the limits, 
Yang et al. (2006) proposed a super-resolution method via 
sparse coding, which unified the two steps of Locally 
Linear Embedding (LLE) algorithm, Donoho et al. (2006) 
and Kernel-Nearest Neighbors (K-NN) algorithm, and 
simultaneously matching search and optimization fusion. 
This method makes use of prior information of all 
examples, which are trained by over-complete dictionary. 
The dictionary is a more flexible structure and highly 
adaptive, such that the super-resolution algorithm 
performs well and efficiently. 
 
 
Super-resolution using sparse dictionary 

 
The basic principle of sparse coding assumes that nature 
signals can be compactly expressed, or represented 
efficiently as a linear combination of atom signals, where 
most of the linear coefficients are zero. Letting a column 
signal x � �N 

its sparse coding problem can be described 
as: 

 
a = arg mina║a║

0, s.t. ║x- Da║2 ≤ � 

 
Where a is the sparse presentation of x, � is the error 

tolerance, D = {d1, d2,……,dL} � R
N×L, ( L � N) 

 
D is called dictionary, and di is called atom. The  function  ║  
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a ║0 is referred as the l

0
-norm, counts the non-zero entries. 

The most fundamental problem of the model is the choice 
of the dictionary D. There are generally two methods: 
analytic-based and synthetic-based (learning-based). The 
dictionary of analytic based model is also called implicit 
dictionary, which is fixed structured with a fast numerical 
implementation, but certainly in lack of adaptivity. 
Dictionaries of this type mainly contain Wavelet, 
Contourlet, and Curvelet. The dictionary of the second 
method is inferred by machine learning techniques from 
some examples with flexible structure and highly 
adaptability, sophisticated representation and fine 
performance. It is typically called as explicit dictionary. 
However, the model generates an unstructured dictionary, 
which lost regularity and effectiveness. Rubinstein et al. 
(2009) presented a novel sparse dictionary (SD) that 
bridges the gap between these two methods, and gaining 
the benefits of both, where the dictionary atoms are sparse 
represented over a known implicit base dictionary: D = ΦA 
The new parameter model leads to a compact and flexible 
sparse dictionary representation which is both adaptive 
and efficient. Advantages of the new method include 
improving stability and accelerating sparse coding. This 
paper unifies the sparse dictionary model and 
super-resolution idea via sparse coding, and presents a 
novel super-resolution algorithm based on sparse 
dictionary, which builds sparse association between HF 
components and low-resolution image feature patches to 
guide super-resolution reconstruction. 
 
 
Sparse dictionary training 
 

Taking the training examples: X = {x1, x2, x3, x4,… xt}. 
Sparse representation of X over sparse dictionary is 
defined: 
 
A = arg A = arg min

A,Z
║X- ΦAZ║ ,��  s.t.║z

i
║≤ t, ║a

j
║

0 
≤ 

p,║Φ a
j
║

2 = 1                                                                                   (1)     

 
In this case, Z is sparse representation of X, Φ is the 
implicit dictionary of D; A is sparse dictionary, which is also 
the coefficient of D. Assume P= {X

h
, Y

l
} as training image 

patch pairs, where X
h
 = {x1, x2, x3, x4,… xn}, Y

l
 = {y1, y2, y3, 

y4,… yn}, each example pair, (xi, yi) is expressed by a 
column vector, xi denotes the high-frequency component 
of high-resolution image patch, yi is low-resolution image 
feature patch. The objective of the model is to learn sparse 
dictionaries for P, and define high- and low-resolution 
image patches in a unified frame, so that they share the 
same sparse representation. The problem can be 
expressed: 
 

min    
�	 ║X

h
 – Φh

A
h
Z║  
��  

��║ Y
l
 – Φl

A
l
Z║  ,��  A

h
,A

l
,z     

 

 (2)  

 
 
 
 
Where A

h
 denotes the sparse dictionary of high-frequency 

component, A
l 
is the sparse dictionary of low-resolution 

image feature patch. N and M are the dimensions of the 
high- and low-resolution image patches in vector form, and 
the goal is to minimize the impact of scale problems. (2) 
can be rewritten as follows, 
 
 min   ║X- ΦAZ║ ,��  s.t.║z

i
║

0
≤ t, ║a

j
║

0 
≤ p,║Φ a

j
║

2 = 1     (3) 

 A
h
,A

l
,z 

 
Where; 
 

X =� �√	 ��
�√� �� �, Φ = �Φ� 00 Φ��, A=� �√	 ��

�√� �� � 
 
We apply sparse K-SVD algorithm to solve (3). The details 
are shown in Algorithm 1. 
 
 
Algorithm 1: Sparse kernel-single value 
decomposition 
 
Step 1:  The initial task is to estimate the sparse dictionary ��  and �� 
Step 2:  Input the various parameters like training 
examples set P, implicit dictionary Φ, sparse tolerance          
of the sparse dictionary p, sparse tolerance of the sparse 
representation of training examples t, iteration number k. 

Step 3:  Initializing �� (0)
, �� (0)

, A(c) = [
�√	  ��(0)

, 
�√�  ��(0)

 ]
T
 

Step 4:    For n=1, 2,…….,k do 
 
Applying any pursuit algorithm for the problem: ��: zi = arg 

minzi ║xci- ΦAZ║ ,��  s.t. ║z
i
║

0
 ≤ t and update each a

j
 in A and z

i 

in Z. 

 
 
Super-resolution via sparse dictionary 
 

Given a low-resolution image feature patch y, based on 

the sparse dictionary A
l
, we estimate the sparse 

representation a. Then, we can obtain the super-resolution 

image feature patch based on sparse dictionary A
h
 of 

high-resolution image feature patch and a. The sparse 
representation problem can be expressed as: 
 

min ║a║
0
, s.t.║Φ

l

A
l

 a - y║�� ≤�                                           (4)    

                    
Although, the optimization problem (4) is NP-Hard, 
Donoho (2006) has proved that as long as the coefficients 
a are sufficiently sparse, the problem can be solved by 
instead minimizing the l

1
-norm. Equation 4 is individually 

for each local low-resolution image patch, and it does not 
consider the compatibility between adjacent patches. We 
use  a  one-pass  algorithm.  The  patches  are  processed  s.t║z

i
║

0
 ≤ t,║�����║0 ≤ p,║������║0

 ≤ q,║Φh �����║2
= 1,║Φl������║2

=1



 

 
 
 
 
from  left  to  right  and top  to  bottom.  The optimization 
problem is rewritten as follows: 
 

min║a║
1
, s.t.║Φ

l

A
l

 a - y║�� ≤�
1
.║PΦ

h

A
h

 a - w║�� ≤�
2
           (5) 

 
Where the matrix P is applied to extract the region of the 
overlap between current target high-resolution patch and 
previously reconstructed ones, and w denotes the values 
of the previously reconstructed image patch on the 
overlap. We can simplify the optimization problem as: 
 

arg mina  λ║a║
1 + ║� a - !"║��                                                  (6)

                        
 
Where; 
 !" = �#$! �, �  = �#%Φ���Φ��� � 
 

Where ‘β’ controls the tradeoff between low-resolution 
patch input and high-resolution patch that is compatible 
with its neighbours. To achieve (6), we can use any 
suitable algorithm to estimate the most optimization result 
a, then the high-frequency component is achieved: 
 
x

*
= Φh

A
h
 a

 *
. Finally, the result x

*
composes with the 

up-sampled image of y, then the initial super-resolution X0 
is obtained. To enforce global reconstruction constraint, 
we project X0 onto the solution space of Y=DHX, 
computing: 
    
X* = arg minx ║X – X0║, s.t. Y = DHX         (7)     
               
Where D is a down-sampling operator and H represents a 
blurring filter. This optimization problem can be solved 
using the back-projection (BP) method. The BP result X

*
 is 

taken as our final super-resolution estimate of the input 
low-resolution image. More details of the method are 
shown in Algorithm 2. 
 
 
Algorithm 2: Sparse parameter dictionary based 
super-resolution 
 

Step 1: The initial task is to estimate the low resolution 

image X* 

Step 2: Input the various parameters sparse dictionary ��  
and ��, Implicit dictionary Φ and input low resolution image 
Y0 

Step 3: Restoring feature image Y  from Y0 

Step 4: For each 3×3 patch y in Y, from left to right, and top 
to bottom, whilst maintaining one pixel overlap region; 
Estimate the optimization value a *; Calculating the final 
optimization value x* 

= Φ
h
A

h
 a * 

Step 5:  Linearly synthesizing the upsampled image of y 

and x*, then the initial super-resolution estimation X 0 is 
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obtained 

Step 6: Computing the final estimation X* for 
implementing global reconstruction condition 
 
 
IMAGE FEATURE REPRESENTATION 
 
During sparse dictionary coding, the training examples 
consist of feature patches rather than original image 
patches. We select first-order and second-order gradients 
of the low-resolution patches as the feature, which is same 
with the methods of Chang et al. (2006) and Yang et al. 
(2008). The four filters used to extract the derivatives are: 
 

 f11 = [-1, 0, 1], f12 = &��' ,  f21 = [1, 0, -2, 0, 1], f22 = &��'     (8) 
 
In this paper, we also use the HF components of HR image 
patches as the feature, which is the same with the method 
of Freeman et al.(2002). So, each training example is 
defined as a vector, which contains HF component of HR 
image patch and four gradient features of LR image patch. 
Details are shown in Figure 1. 
 
 

RESULTS 
 
Training images are collected from (2008), and downsized 
them to 1/3 of the original size. Then we used several 
other learning-based methods, that is, the K-NN method, 
and LLE method (2004), and Yang's SC method (2008), 
as well as our proposed sparse dictionary based method 
to do three times SR to up-scale these small images to 
their original size. We use 3 × 3 LR image patches, with 
one pixel overlap region with adjacent patches, the 
corresponding 9x9 HR image patches with tree pixels 
overlap. According to Yang's sparse coding method, we 
also extract gradient features from the up-sampled version 
(6 × 6) of the LR image by factor of two. Extracting 
randomly 50000 HR and LR image patch pairs as 
examples for sparse dictionary coding. In our experiments, 
the size of sparse dictionary is fixed as 1024, which is a 
balance between image quality and computation. Setting λ 
= 0.01 and β = 1. Figures 2, 3 and 4  depicts the outputs of 
our method with those of Bi-cubic Interpolation, 
Kernel-Nearest Neighbors method (K-NN), Locally Linear 
Embedding method (LLE) and  Sparse Coding (SC) 
method on image of the Butterfly, Parrot and face. The 
result from K-NN has some jagged effects. LLE generates 
blur effects. Our method and SC have better visual effect. 
We compared several SR methods quantitatively in terms 
of their PSNR for several images; the result is shown in 
Table 1. 
 
 
CONCLUSION 
 

This paper presents a sparse dictionary based 
super-resolution method, which builds sparse association 
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Figure 1. Training examples. Each example is defined as a vector, which contains two parts: 
HF component patch of HR image H, one and two gradient features of LR image L. 

 
 
 

 
 
Figure 2. Butterfly Image Super-Resolution results by a scaling factor of 3. Algorithms used 

from left to right: bi-cubic, Low-resolution image, K-NN, LLE, SC, SD. 

 
 
 
between high-resolution and low-resolution image feature  
patches, and simultaneously carries on matching and 
optimization. Compared with Yang's sparse coding 
method, sparse dictionary is more compressible and 
efficient, and needs fewer examples for the same quality. 

Comparison with other learning-based super-resolution 
method shows our method outperform in quality and 
computation. However, there are some possibilities for 
future improvement, such as how to improve the adaptive 
to different type of images; decreasing the effect of 
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Figure 3. Parrot Image Super-Resolution results by a scaling factor of 3. 

Algorithms used from left to right: bi-cubic, Low-resolution image, K-NN, LLE, 
SC, SD. 

 
 
 

 
 
Figure 4. Face Image Super-Resolution results by a scaling factor of 3. 
Algorithms used from left to right: bi-cubic, Low-resolution image, K-NN, 
LLE, SC, SD. 

 
 
 

Table 1. PSNR of images. 
 

S/NO Images\methods Bi-cubic K-NN LLE SC SD 

1 Butterfly 28.4571 28.7134 29.1914 30.0743 30.7914 

2 Parrot 22.3534 24.4541 25.8042 27.0764 27.3131 

3 Face 26.5976 26.9912 27.0162 27.0871 27.8519 
 
 
 

empirical parameters, such as the size of sparse  
dictionary,  sparseness,  error  tolerance;  removing  the  

redundancy from extracted image patches to speed up the  
sparse    dictionary    coding;   Applying    our   method   to  
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multi-frame super-resolution is also a promising research. 
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