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Abstract – Image super-resolution are techniques aiming
restoration of a high-resolution image from one or several
low-resolution observation images, which offer the
advantages overcoming some of the inherent resolution
limitations of low-cost imaging sensors (e.g., satellite image,
cell phone, camera’s or surveillance camera’s), and allow
better utilization of the growing capability and noise free
image of HR displays. Conventional image super-resolution
approaches normally require multiple LR inputs of the same
scene with sub-pixel motions. This paper attempts to
undertake the study of the super-resolution restoration
problem and improved resolution image is restored from
several geometrically warped, blurred, noisy images. The
super-resolution restoration problem is modeled and
analyzed from the filters such as Median Filter, Adaptive
Wiener Filter, Gaussian Filter these different noise densities
have been removed between 10% to 65%. The Principal
Component analysis (PCA) is the technique which is useful
for improving the image sharpness after the process of de-
blurring.
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I. INTRODUCTION

Digital image processing is the most important
technique used in remote sensing. It has helped in the
access to technical data in digital and multi-wavelength,
services of computers in terms of speed of processing the
data and the possibilities of big storage. Several studies
can also take the benefit of it such as technical diversity of
the digital image processing, replication sites and
maintaining the accuracy of the particular data. Some
noise are removable using median filtering in spatial
domain which requires much less processing time than
removal by frequency domain Fourier transforms.

Super-resolution is the process of obtaining either a
higher resolution still image or a sequence of higher
resolution images from a corresponding sequence of low
resolution images. It provides and improves the
performance limits of single image interpolation by
leveraging the unique information present in the multiple
albeit slightly different images. These types of images
having techniques to recover frequency content beyond
that present in any of the individual observed images and
are hence termed ‘super-resolution’ algorithms.
Conventional super-resolution approaches normally
require multiple Low Resolution inputs of the same scene.
The Super-Resolution task is thus inverse problem of
recovering the original High Resolution image by fusing
the Low Resolution inputs with the based on prior

knowledge or reasonable assumptions about the
observation model.

However, SR image reconstruction is typically severely
ill-conditioned because of the insufficient number of
observations and the unknown registration parameters.
There are various regularization techniques that are
proposed to stabilize the inversion of this ill-posed
problem.

A typical super-resolution algorithm involves three sub-
tasks: registration, fusion and de-blurring. The set of low
resolution images are first mutually aligned on a common
high resolution lattice. This is generally referred to as
image registration. The aligned pixel values (usually
resulting in a non-uniform sampling) are then interpolated
over the reference high resolution lattice to obtain a fused
high resolution image. A subsequent de-noising and de-
blurring of the image results in a higher resolution image
provided that a sufficient number of low resolution images
are available and that the image alignment is carried out to
sub-pixel accuracy. While these subtasks have been
separately identified for conceptual clarity, they are often
performed in a joint fashion.

As opposed to single-image interpolation techniques,
super-resolution algorithms utilize multiple images to
recover resolution that is lost in the imaging process. Each
image in the set of mutually shifted images contributes
unique information to aid in the recovery of a higher
resolution view of the scene. Super-resolution is a
particularly effective technique for low resolution (LR)
images suffering from aliasing. Although natural scenes
contain an infinite amount of detail, typical imaging
devices are only capable of capturing the scene at a limited
resolution. In other words, natural scenes are not band-
limited signals and any attempt to digitally acquire an
image of such a scene will inevitably result in aliasing.

II. RELATED WORK

Super-resolution has been extensively studied and a vast
body of research is available in the literature. The earliest
attempt at super-resolution is that by Tsai andHuang [9] to
enhance the resolution of multi temporal Landsat TM
images in the frequency domain. A recent paper using the
multi-channel sampling theorem is by Vandewalle,
Susstrunk and Vetterli [12] which computes sub-pixel
shifts between the low resolution images and registers
them on a common high resolution grid. The registered
pixel values are non-uniformly spaced and these pixels
interpolation is carried out to obtain a high resolution
image on a uniformly spaced grid.
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After their work, many frequency domain methods were
developed. However, although frequency domain methods
are computationally attractive, they have some limitations.
For example, it is difficult to incorporate the prior
information about HR images using frequency domain
methods. For this reason, many spatial domain
reconstruction methods have been developed in recent
decades, including the non uniform interpolation
approach, iterative back-projection approach, projection
onto convex sets approach, maximum likelihood approach,
maximum a posteriori (MAP) approach, joint MAP
approach, and the hybrid approach. Donoho and Johnstone
[11] provided ideal spatial adaptive wavelet shrinkage. By
using that ideal spatial adaptation, the authors were
described a new principle for spatially-adaptive estimation
that is selective wavelet reconstruction.

The restoration method forms the backbone or engine
that drives the super-resolution process. A targeted review
of super-resolution is carried out to choose the best
reconstruction to use in this thesis.

III. OVERVIEW OF PROPOSED WORK

In this thesis, we are mainly concerned with the multi-
frame super-resolution scheme enhancement of a single
image using spatial diversity from multiple views that can
de-blurring and de-noising an image. The data flow
diagram for the proposed work is shown in Figure 1. In the
data flow diagram firstly the low resolution image is taken
by the system which having some types of noise and it
having the blur also then the image is segmented in
multiview format.

The multiview format having the some types of
unwanted effects such as large sharpness or image weak
signals remove those extra effects. By using the different
filters identify the blur and noise and if the blur and noise
are identified then by using the super-resolution algorithm
convert that low resolution image into the high resolution.

Fig.1. Data flow diagram of super-resolution system

The proposed system consists of the different types of
image noise which affect on the reality of image, these

noisy images are de-noising using the multi-resolution
bilateral filtering for image de-noising algorithm. The
blurry images are recovered using the technique Gaussian
blur and PCA.
A. Adaptive Weiner Filter

It is used to reduce disturbance (noise) present in a
signal by comparison with an estimation of the desired
noiseless signal. The Wiener filtering is a linear estimation
of the original image [4]. The design of the Wiener filter
having the different approaches and those different
approaches are always based on a stochastic framework.
The effective Wiener filters having the following
characteristics that are:
1. Assumption which is a signal and (additive) noise are
stationary linear with known spectral characteristics
2. Requirement that are the filter must be physically
realizable/causal system.
3. Performance criterion is the minimum MMSE. Wiener
filter minimizes the mean square error between the
uncorrupted signal and the estimated signal. Discrete
Wavelet Transform analyzes the signal by successive use
of low pass and high pass filtering to decompose the signal
into its course and detail information. That type of de-
noising algorithms are de-noise image using adaptive
Wiener filter for Low frequency domain and using soft
thresholding for de-noise High-frequencies domains. This
approach is gives better results than (DWT or Wiener) de-
noising.
B. Median Filter

Median filter is widely used in digital image processing
for removing noise in digital images [4]. Although these
median filters that removes the fine lines and detail
information and also the different round corner.
Sometimes the more advanced version of these filters,
which avoids the problems, occurs and that is the hybrid
median. The Hybrid median filtering preserves edges
better than a NxN square kernel-based median filter
because data from different spatial directions are ranked
separately. These three median values are calculated in the
NxN box:
1. MR is the median of horizontal and vertical R pixels.
2. MD is the median of diagonal D pixels.
3. The C is the filtered value is the median of the two
median values and the central pixel C: median

These three values are always required ([MR, MD, C])
for to improve the image using the median filter [7].
C. Gaussian Filter

The behavior of Gaussian filter causes the minimum
group delay and also the time. The Gaussian filter is
usually used as a efficient and smoother. The Gaussian
filters are designed to give no overshoot to a step function
input while minimizing the rise and fall time.
Mathematically, a Gaussian filter modifies the input signal
by convolving with a Gaussian function. The output of the
Gaussian filter at the moment is the mean of the input
values. This method uses the Gaussian function to
calculate the mask. The standard deviation (sigma) and the
size of the mask are parameters to be changed by user.
With small sigma and mask size, this filter tends to blur
the image slightly. To blur the image heavily, a larger
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sigma and mask size should be applied. The following
Gaussian function is used to calculate mask:

G = exp(-a^2/(2*sigma^2)) / (sigma*sqrt(2*pi))
then, the mask M of size nxn is given as:

M(x,y) = G(x-(n+1)/2,sigma)*G(y-(n+1)/2,sigma)
where: 1<=x<=n and 1<=y<=n.

Finally the original image matrix is convolved with this
mask, to get the filtered image.
D. Multi Resolution Bilateral Filter

Bilateral filter [1] is firstly presented by Tomasi and
Manduchi in 1998. The concept of the bilateral filter was
also presented in [2] as the SUSAN filter and in [3] as the
neighborhood filter. The bilateral filter takes a weighted
sum of the pixels in a local neighborhood; the weights
depend on both the spatial distance and the intensity
distance. It is mentionable that the Beltrami flow
algorithm is considered as the theoretical origin of the
bilateral filter [4] [5] [6], which produces a spectrum of
image enhancing algorithms ranging from the L2 linear
diffusion to the L2 non-linear flows. In this way, edges are
preserved well while noise is averaged removed. By using
Mathematic equation, at a pixel location x, the output of a

bilateral filter is calculated as follows，

There are two parameters that control the behavior of
the bilateral filter. From above equation the σd and σr

characterize the spatial and intensity domain behaviors. In
image denoising applications, the selecting optimal
parameter values have not been answered from a
theoretical perspective; to the best of our knowledge, there
is no empirical study on this bilateral filter approach. In
this section, we are providing an empirical study of
optimal parameter values as a function of noise variance.
To understand the relationship among σd and σr and the
noise standard deviation σn, the following experiments
were done. The Gaussian noise was added to some
standard test images and the bilateral filter was applied for
different values of the parameters σd and σr. The experiment
was repeated for different noise variances and the mean
squared error (MSE) values were recorded. Multi
resolution analysis has been proven to be an important tool
for eliminating noise in signals; it is possible to distinguish
between noise and image information better at one
resolution level than another. Therefore, we decided to put
the bilateral filter in a multi resolution framework

IV. PRINCIPAL COMPONENT ANALYSIS

Principal component analysis (PCA) belongs to linear
transforms based on the statistical techniques. The method
principal component analysis provides a powerful tool for
data analysis and pattern recognition which is often used
in signal and image processing as a technique for data
compression, data dimension reduction or their de-
correlation as well. There are various algorithms based on

multivariate analysis or neural networks that can perform
PCA on a given data set. In this paper we use the
technique PCA as a possible tool in image enhancement
and analysis.
A. The introductory algorithm of PCA

Principal component analysis (PCA) in signal
processing can be described as a transform of a given set
of n input vectors (variables) with the same length K
formed in the n-dimensional vector

x = [x1, x2, xn] T
into a vector y according to

y = A (x −mx) (1)
This point of view enables to form a simple formula (1)

but it is necessary to keep in the mind that each row of the
vector x consists of K values belonging to one input. The
vector mx in Eq. (1) is the vector of mean values of all
input variables defined by relation

mx = E{x} =1/K∑xk (2)
Matrix A in Eq. (1) is determined by the covariance

matrix Cx. Rows in the A matrix are formed from the
eigenvectors e of Cx ordered according to corresponding
eigenvalues in descending order and the evaluation of the
Cx matrix is referred according to relation in given below
Cx = E{(x −mx)(x −mx)T} =1/K∑xkxkT−mxmxT (3)
As the vector x of input variables is n-dimensional it is
obvious that the size of Cx is n x n. The elements Cx(i,i)
lying in its main diagonal are the variances

Cx(i, i) = E{(xi − mi)2 } (4)
From equation (4) the x and the other values Cx(i, j)

determine the covariance between input variables xi, xj.
Cx(i, j) = E{(xi − mi)(xj − mj)} (5)

between input variables xi, xj . The rows of A in Eq. (1)
are orthonormal so the inversion of PCA is possible
according to relation

x = ATy +mx (6)
The kernel of PCA defined by Eq. (1) has some other

interesting properties resulting from the matrix theory
which can be used in the signal and image processing to
fulfill various goals.
B. PCA algorithm use for determine the object
rotation

The properties of PCA can be used for determination of
selected object orientation or its rotation also. Various
method of image segmentation to object definition like
thresholding, edge detection or others must be used
initially and the binary images containing object boundary
or its area in black or white pixels on the inverse
background results from this process. After that two
vectors a and b containing the Cartesian x and y
coordinates of object’s pixels can be simply formed. The
vector x in the Eq. (1) is in this case a 2-dimensional
vector consisting of a and b respectively. The mean vector
mx and the covariance matrix Cx are computed as well as
its eigenvector e. Its two elements - vectors e1 and e2
enable the evaluation of object rotation in the cartesian
axis or object rotation around the center given by mx. The
PCA use for the determination of selected object
orientation. The object boundary was detected at first by
means of LoG filter in the original gray-level image. The
original has been rotated by a given angle with the bilinear
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interpolation method use and the process of image
segmentation and PCA has been applied again and the
resulted vectors e1 and e2 are takes in each binary image
also and their orientation was compared with the rotation
angle.

V. CONCLUSION

In this paper we proposed the Multi-frame image super-
resolution concept based on multi-resolution bilateral
filtering and principal component analysis (PCA). In most
super-resolution literature, aliasing is forced into the
images by synthetically noisy, blurry and down-sampling
the image sequence by a large factor. This accounts for the
remarkable resolution gains that can be obtained. We
were able to demonstrate a visual as well as quantitative
increase in super-resolution performance using multi-view
images. The increase in visual quality over bi-lateral
interpolation is significant but not remarkable. Noise and
blurring were identified to be the major causes of loss in
resolution.

FUTURE WORK

Super-resolution using multi-view images offers a
variety of avenues for future consideration. With the
bigger picture of the fore-mentioned project in mind, the
next step would be super-resolution of a novel viewpoint.
The issue of super-resolution of color images is another
important research front. Mono-chrome processing by
applying super-resolution to each color channel
independently is not optimal because it does not take into
account the spectral correlation between the channels.

A super-resolution toolbox was created for use in future
work. This toolbox contains a collection of functions for
implementing each component in the super-resolution
process as discussed in this thesis. It is largely intended for
multi-view images, although it can easily be used for
temporal sequences.
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