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Abstract— Enhancing image quality or Images with high
resolution (HR) has always been a continuous ongoing process in
image Technology.In order to restore an image into a HR image
correctly,it is necessary to infer high frequency components of a
low resolution image.In some applications it becomes essential to
extract the useful information from the images.For example in
video surveillance, forensic investigation, in medical diagnosis
and even the satellite images and pattern recognition in computer
vision.During this process, enlarging the image beyond a certain
limitresults in a blurred image with no peculiar
information.Hardware limitations of sensors is one of the main
cause behind this problem which includes sampling rates of
Charged-Coupled Devices(CCD). Also, the main idea behind
achieving the HR images is not to tamper with the observable
quality of image.Many super resolution techniques have been
proposed to overcome the hardware limitations in order to
achieve the best results .In this electronic document a
comprehensive review of all well-known super resolution
techniques has been presented.
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l. INTRODUCTION

The goal of super resolution techniques is to reconstruct a
high resolution image from a single or multiple low resolution
images. Multiple low resolution images of the same scene can
be obtained by using either single sensor or many sensors as
depicted in fig.1.[1].HR images contains high pixel density
and thus they offer improved details of the image that be
precious in various applications. As the pixel density
increases, image quality degrades due to shot noise[3].Another
approach is to increase chip size,this in turn increases the
capacitance i.e. higher charge transfer rate and also the size of
device. Therefore, limits exists on prevailing sensors and
optics processors[3].This can be overcome by increasing
spatial resolution and this can be achieved using various signal
processing techniques.

SR techniques consists the main features of image
interpolation and image restoration. Image interpolation
changes the dimension of an image and image restoration
recovers a degraded image. Thus, image SR is a technique that
restores the degraded image and also increases the size of the
image[1].
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Figure.1.(b)Multiple frames obtained by a single camera

The SR image reconstruction consists of three stages. By
means of image registration, all pixels from available LR
images can be mapped back onto the reference image. Then
via interpolation a uniformly spaced up sampled image is
obtained. In the end, image restoration is applied to the up-
sampled image to remove the effect of sensorPSF blur and
noise [4].

To represent the SR technique, a commonly used model
describes the relationship between original HR and a set of LR
images. Let us consider the desired HR image represented as
‘x” of size L1IN1 X L2N2.
It is assumed that ‘x’ is to be sampled at or above the Nyquist
rate from a continuous scene to be bandlimited. Let the
parameters ‘L1° and ‘L2’ represent the down sampling factors
for the horizontal and vertical directions in the observed
model.
Thus,each observed LR image is of size N1 X
N2.Let ‘y,’ denotes the kth LR image represented as
Yi=[Vk, 1 Yie2s oo Yiem]” @
Where, k=1,2,3...pand m= N1 X N2.
The observation model is mathematically represented as:
Vi = DxBgWiX +ny )
Here, Dy is a Mx N decimating subsampling matrix.
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Bgis blur matrix of size N x N.Wis warp matrix of size
N X N and ny, is white Gaussian noise being encountered in
the observation model.

The aim of image SR reconstruction is to estimate the HR
image’x’ from the LR images’y,. .

1. INTERPOLATION

This technique is based on the non-uniform sampling theory.
Clark et.al.[5] was the first one to introduce this idea.
Estimation of HR image using interpolation follows 3 steps:
Registration, Interpolation and restoration.

In the registration step the relative motion information i.e.
relative shifts is estimated between LR images in comparision
with reference LR images with sub-pixel accuracy[2]. Then
the direct or iterative reconstruction procedure is followed to
produce uniformly spaced sampling points[6]-[9]. Next step is
to apply non-uniform interpolation because the registered HR
image does not always match up to a uniformly spaced grid so
non-uniform interpolation results a uniformly spaced HR
image[2].In the restoration step noise and blurring effect in
HR image is removed.

This techniqgue has advantage of less computational
complexity and also real-time applications are possible.
However there are some limitations like errors occurred in the
interpolation step are ignored by restoration step, so optimally
of the whole reconstruction algorithm is not guaranteed [2].

[1l.  ITERATIVE BACK PROJECTION(IBP)

Irani and Peleg [10] formulated the iterative back-projection
SR reconstruction approach. In this approach, the HR image is
estimated by back projecting the error difference between
simulated LR image and observed LR images as shown. in
Figure 2. This process is repeated iteratively to minimize the
energy of error[3].This method uses multiple simulated LR
image of similar scene to find corresponding HR image.
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Mathematically the SR steps according to IBP are written as:
X0 = x™ 4 x, + HPF(X®) (3)
Where,

X +Djs estimated HR image of n+1th iteration;

X™ijs estimated HR image of nth iteration;

X_,is error correction;

Fig.2.Pictorial representation of IBP
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HPF (X ©@)is the high frequency data of the image X(0) that is
obtained from the interpolation of initial LR image[11][12].
This technique is wvery easy to understand but SR
reconstruction is not unique due to ill posed nature of inverse
problem.

It should be noted that the selection of back-projection matrix
affects the resolution. Afterwards, extended version of the
approach was proposed by Van Cittert and Tikhonov-Miller
[13].The results of this comprehensive work are compared in
[14]. In [14], the author has also discussed the approach based
on Adaptation of conjugate gradient that fastlyconverges the
iterations. The original back-projection method is suffering
from chessboard effect or ringing effect, especially at edges.

IV.  PROJECTION ONTO CONVEX SETS (POCS)

The projection onto a convex set (POCS) approach was
originally developed by D.C.youla [16] and H.Webb[17] for
image restoration problems, and has been widely employed
indeveloping image superresolution construction[18,19,20].
The method of POCS requires definition of closed convex sets
within a well-defined vector space that contain the actual SR
image [19]. An estimate of the SR image is then defined as a
point in the intersection of these constraint sets, and is
determined by projecting an arbitrary initial estimate onto the
constraint sets[19].
A convex set is defined which represents certain tight
constraints on the solution image. The POCS yields
progressively improved super resoluted construction with
assured convergence [15].
The image formation model is expressed by
ga(my,my, k) =
Xniny f (M1, 12) - h(ng —my,nymy, k) +v(my, my)

(4)
Where h(nq,n,, k) is a linear blur mapping of high resolution
source image f(nq,ny k) to the kth measured image
ga(my,my, k)at a lower resolution and v(my,m,) is an
additive white Gaussian noise[15].
A closed, convex constraint sets, one for each pixel within the
LR image sequence g, (m,, m,, k) is defined as follows:
CR = {f(nllnz'k): |r(f) (mllmZIk)l < 80(m1'm2'k)}

()
Where,
r(f)(mlrmZIk) = ga(my, my, k)

- Z f(ny,ng, k) - h(ny —my,nymy, k)
(n1,n2)
(6)
is the residual associated with an arbitrary member , f, of the
constraint set bounded in magnitude by &,. The projection of
an estimate f(ny, ny, k) onto Cy is defined by [16][22]:
Pr(my, my, k) [f (ng,mp, k)] =
((r(f) (1) — 6p)h(ny,ny,7) T(f)(') S5
| 20,20, h2(01,05) ’
f(Tll,le,k) + 0
D) + 8p)h(ng,ny,)

201 ZOZ h2 (01' 02’.)

, r(f)(.) <8,

FDO < 8y
™

2071



1JERTV 31521063

Where function “-” is meant to be “mq, m,, k”.Note that we
allow the blurring functionh to be slightly different at each
frame depending on the small motion between neighboring
frames which usually is only a small fraction of a pixel.
Theamplitude constraint should always be satisfied, i.e.,

0< f(ny,ny, k) <255.
The estimation f(nq,n,, k)of the high resolution image
f(n1,nz;k) is obtained from images ga(mi,m2,q) (q = k-1, k, k+1)
through the projections in the backward and forward
directions[15].
An application of Wavelet-based POCS Super resolution for
Cardiovascular MRI Image Enhancement is discuss in [15].
Xia Su et al. had combined sparse signal representation with
the projection onto convex sets in [22]. Human face image
super-resolution techniques have a variety of application such
as surveillance, recognition, transmission [23].
As performance criteria, Mean Square Error (MSE), Peak
Signal to Noise Ratio (PSNR) and Mean Absolute Error
MAE) are calculated. The mathematical equations for MxN
image analysis are as given below.

2
S X)X
MSE:Z;Z,[ @j)—X" ()] ®)
MxN

©)

SNR = 10l0gyo ()

MSE

V. CONCLUSION

Image super resolution concept and overview of techniques
has been discussed here.SR has more optimized the image
acquisition process and provided improved content
visualization and object recognition.IBP and POCS  uses
sequence of LR images to extract a SR image.The advantage
of interpolation approach is that it takes relatively low
computational load and makes real-time applications
possible.However,interpolation is not guaranteed, since
restoration step ignores the errors that occurs in interpolation
step.Projection onto convex sets (POCS) is simple and allows
a convenient inclusion of priori information. POCS has
disadvantage of non-uniqueness of solution, slow convergence
and high computational cost.

Iterative Back Projection (IBP) is understood intuitively and
easily. However, this method has no unique solution due to the
ill-posed nature of the inverse problem and it has some
difficulty in choosing the h2P.In contrast to POCS it is
difficult to apply a priori constraints.
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