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Optical-fiber transmission lines appear attractive for a variety of communication
applications in which twisted copper pairs and coaxial cables are now used. These
applications range from on premises data links and equipment wiring to interoffice and
intercity telecommunications trunks. Experiments to explore the technical feasibility of
glass fibers in these areas are presently in progress. This paper summarizes the state of the
art of the burgeoning field of optical fibers. Progress in research on fibers, cables, devices,
and components will be reviewed, and systems applications and field experiments will be
discussed. In video and still image camera noise and blurring of images is often seen.
Image noises can be removed using various classes of filters. In case of mixed noises filter
cannot eliminate noise completely. To remove such noises pdf estimation of noises
becomes important. Blurring of images is another degrading factor and when image is
corrupted with both blurring and mixed noises de- noising and de-blurring of image is very
difficult. In this paper, Gauss-Total Variation model (G-TV model) is discussed and results
are presented and it is shown that blurring of image is completely removed using G-TV
model; however, image corrupted with blurring and mixed noise cannot be completely
recovered.

Copyright© 2020 Utkarsh Shukla and S.U Meerut. This is an open access article distributed under the Creative Commons Attribution License,

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

INTRODUCTION

For the past recent decades, Image demising has been analyzed
in many fields such as computer vision, statistical signal and
image processing. It facilitates a appropriate base for the
analysis of natural image models and signal separation
algorithms. Moreover, it also turns into an essential part to
digital image acquiring systems to improve qualities of image.
These two directions are vital and will be examined in this
paper.

Among the present work of image demising, a major portion
assumes additive white Gaussian noise (a.k.a. AWGN) and
taken off the noise independent of RGB channels. Although,
the level and type of the noise produced by digital cameras are
not known if the camera brand and series along with settings
of the camera (ISO, speed, shutter, aperture and flash on/off)
are unknown, e.g., digital pictures with exchangeable image
file format (EXIF) metadata lost. It is required by some image
demising software that the user specifies a number of smooth
image regions for the estimation of the noise level. This
inspired us to adopt a segmentation-based method to
automatically evaluate the level of noise from a single image.
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The image brightness is a factor on which noise level depends,
and we propose the evaluation of the upper bound of a noise
level function (NLF) from the image. The partition of image is
done into piecewise smooth regions in which the standard
deviation is an overestimate of noise level and the mean is the
estimate of brightness. The initial of the noise level functions
are understood by simulating the digital camera imaging
process, and are utilized to help assessing the curve effectively
at the missing data. As separating signal and noise from a
distinct input is fully under-constrained, it is in theory not
possible to totally resume the original image from the noise
corrupted observation. The fundamental criterion in the
denoising of image is therefore to safeguard image features to
the maximum possibility while the noise elimination. There
are various principles we need to coordinate in designing
image denoising algorithms:

1. The smoothness of the perceptually flat regions
should be maximum. Noise should be totally expelled
from these regions.

2. The boundaries of image should be well preserved.
This implies the boundary should not be either
sharpened or blurred.

3. The details of the texture should be preserved. This is
one of the extremely hardest criteria to match. As
image denoise algorithm constantly tends to smooth
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the image, it is quite easy to lose details of the texture
in denoising.

4. (d)The preservation of global contrast should be
maintained, or the low-frequencies of the denoised
and input.

For example, wavelet-based denoising algorithms have a
tendency to create ringing artifacts In an ideal way, the model
should be used for both denoising and noise estimation.

The tunsharp image area created by subject movement or
camera, inaccurate focusing, or the use of an aperture that
provides shallow depth of field is termed as blur. The Blur
impacts are filters that smooth transitions and reduce contrast
by averaging the pixels next to hard edges of defined lines and
areas where there are valuable color transition.

Gaussian Blur

Gaussian Blur is that pixel weights aren't equal - according to a
bell-shaped curve, they decrease from kernel center to
edges.The effect of Gaussian Blur is a filter that blends a
particular number of pixels incrementally, that follows a bell-
shaped curve. The blurring is dense in the center while at the
edge is feathers.

Frequently, digital cameras have very little noise in their
pictures. Some are worse as compared to others, yet it’s there.
Here I'll illustrate you an approach to dispose of that noise by
making use of the selective Gaussian blur filter.

The fundamental idea behind specific Gaussian blur is that the
photo areas with contrast below a certain threshold get blurred.
The composition of paper is as follows: We provide a
statistical interpretation of the ROF model in Section 2 and
propose a Gauss-Total Variation model (G-TV model). We
explain the ROF model statistically and few statistical control
parameters of noise emerge automatically, at this point one can
notice that these parameters rely on the noise may take a
similar part of the regularization parameter.

Rudin-Osher-Fatemi (ROF) model

A novel version of the popular Rudin-Osher-Fatemi (ROF)
model is presented in this work to restore image. The crucial
point of the model is that it could recreate images with blur
and non-uniform distributed noise.

g() [ (k* £)(x) [ n(x)

where f(x) is the original clean image, g(x) is the noticed noisy
blurred image, k is the point spread function (PSF) and also
termed as the blur kernel, n(x) is the additive noise and *refers
to the usual convolution.

Processing of digital image is the use of computer algorithms
to carry out image processing on digital images. Being a
subfield of digital signal processing, digital image processing
has numerous merits in comparison to the analog image
processing; it permits a much more extensive scope of
algorithms that can be applied to input data, and during
processing can resists issues like the noise build-up and signal
distortion. Procedure of partitioning a digital image into
multiple regions (set of pixels) is referred to the image
segmentation [1]. The objective of this is to simplify, rearrange
and/or change the image representation into something that is
more important and simpler to examine. Segmentation of
image is generally used to find boundaries and objects (lines,
curves, etc.) in an image.

Fundamental in Digital Image Processing

Digital image processing is defined as an electronic domain
subset wherein the image is converted to an array of small
integers, called pixels (derived from picture element), that
represents a physical quantity like radiance of scene, stored in
a digital memory, and handled by computer or any other
digital equipment. Digital image processing, either as
improvement for human observers or performing autonomous
examination provides benefits in speed, cost, and adaptability,
and with the quickly reducing cost and improving performance
of PC it has turned into the prevailing method being used [2].

Two dimensional functions of the form f(x, y) express an
image. The amplitude or value of f at spatial coordinates (X, y)
is a positive scalar quantity whose physical meaning is found
out by the image source. In the case of a digital image, (X, y),
and the magnitude of f are all limited and discrete values. It is
not an easy to recognise between the domains of image
processing and any other related area like computer vision. But
if we consider the kind of result we get from the two areas,
they are very distinctive. The science and technology of
machines that see is Computer vision. Speaking about
scientific discipline, computer vision is related with the
building artificial systems theory that obtains data from
images. The information of an image can take numerous
structures, like a video sequence, perspectives from various
cameras, or multi-dimensional information from a medical
scanner. In pc vision, a digital image is the input while the
result is some representation of its interesting components.
Processing of image is generally used as a part of computer
vision in the form of a pre-processing step. Image processing
is characterized as a region when both input and result are
images.

As a technological discipline, computer vision tries to
implement the hypotheses and models of computer vision to
the development of computer vision frameworks.

The computer vision system organization is very much
dependent on application. A few systems are stand-alone
applications which unfolds a particular estimation or the
problem of detection, though other constitute a sub-system of a
bigger design which, like, in the same manner comprises sub-
systems for control of mechanical actuators, information
databases, planning, man-machine interfaces, and so on. The
particular execution of a computer vision system also relies
upon in the case of its functionality is pre-specified or if some
part of it can be learned or adjusted at the time of operation.
There are, although, typical functions which are found in
numerous computer vision systems [3-6].

Image acquisition: One or many image sensor develops a
digital image. Along with different kinds of light-sensitive
cameras, it also incorporates range sensors, radar, tomography
devices, ultra-sonic cameras, and so on. The resulting data of
the image depends on the type of sensor and could be a
conventional 2D image, a 3D volume, or an image sequence.
The values of pixel generally correspond to intensity of light in
one or many spectral bands (gray images or colour images),
however can also be related to different physical measures like
sonic or electromagnetic waves depth, absorption or
reflectance, or of nuclear magnetic resonance. BINARY
LEVEL
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An image comprises numeric values between 0 - 255. The
picture’s numerical value is lessened to two values with binary
level. So, a 8§ - bit image is changed over to 2 - bit format. For
this conversion, the threshold value must be determined. The
usage of a fixed threshold value is not right due to the external
factors like shadows, sunlight at real-plate images. For
calculating threshold value a distribution histogram is helpful.
In the case of the pixel value in the image is more than
threshold value, then the pixel value is appeared as "0"; and if
the image pixel' value is smaller than threshold value then it
will be shown as "1". The image is converted to the binary
level in this way DENOISING

In the following pre-treatment process the image should be
filtered to get rid of the undesirable noise stored in the image
referred as de-noising of an image.

In Gaussian noise, each image pixel will be transformed from
its original value by a (normally) little amount [14-17]. A
histogram, a plot of the measure of distortion of a pixel value
against the frequency with which it happens, demonstrates a
typical distribution of noise. Although other distributions are,
the Gaussian (normal) distribution is generally a decent model,
because of the central limit theorem that states that the sum of
different noises tends to approach a Gaussian distribution.

In either case, possibility of the noises at different pixels can
be either correlated or uncorrelated; in most cases, values of
noise at distinct pixels are modeled as being independent and
distributed in a similar way, and so uncorrelated.

Figure 1.1 Noise removal process

De-Blurring

The blurring, or degradation, of an image can be due to by
factors

1. Movement during the process of capturing of image,
by the camera or, when long exposure times are used,
by the subject

2. Out-of-focus optics, use of a wide-angle lens,
atmospheric turbulence,

3. Scattered light distortion in confocal microscopy

Figure 1.2 Blurred Image Representation

A degraded or blurred image can be probably expressed by the
equation g = HF + N, where

G: The blurred image

H: The distortion operator, also known as the point spread
function (PSF). In the spatial domain, the PSF states the extent
to which an optical system blurs (spreads) a point of light [18-
20]. The PSF is the inverse Fourier transform of the optical
transfer function (OTF). In the frequency domain, the OTF
explains the response of a linear, position-invariant system to
an impulse. The OTF is the Fourier transform of the point
spread function (PSF). The distortion operator, when
convolved with the image, makes the distortion. Distortion
brought on by a point spread function is only one kind of
distortion.

F: The original true image
N: Additive noise, introduced at the time of image acquisition
that causes the image corruption.

Restoration of image or Denoising is the method of getting the
original image from the corrupted image given the knowledgeo
the degrading factors as demonstrated in

Figure 2.11. It is utilized to evacuate noise from the degraded
image without affecting and maintaining the edges and other
details. Figure 2.11 Image Degradation and Restoration
Process
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In figure 2.11 image degradation and restoration process is
shown. O(i,j) is an input object n(i,j) is degrading term (may
include noise, blurring or both) so x(i,j) is

x(i.j)= 1(ij)* n(i,) or (2.3)
X(1,j)= 1G.))> n(ij) (2.4)
y()=L [x(ij)] 2.5)

L is filter operator.

In past, different techniques have been proposed for the
purpose of image filtering. Linear filtering methods have been
given most preference over the years.

Spatial Filtering

We perform filtering to remove any noise in an image. The
concept of filtering has it™s origin in the use of the fourier
transform for processing of signal in the so-called frequency
domain. In the case of the filtering operations that are
performed directly on the image pixels, we use the term spatial
filtering to separate this sort of process from the more
conventional frequency domain filtering.

The method comprises simply moving the filter mask from
point to point in an image. The response of the filter at each
point (x,y) is evaluated using the predefined relationship. In
the case of linear spatial filtering the response is provided by a
products sum of the filter coefficients and the corresponding
image pixels in the area spanned by the filter mask. Generally,
the linear filtering of an image ‘f” of size MxN with a filter
mask of maximum.

Spatial domain filtering is very effective, as it provide
frequency domain description of an image. Thus designing of
filter in frequency region of interest can be easily
implemented. Frequency domain picture is also very effective
in various types of noise. Moreover, DFT or FFT has inherent
capacity of noise removal. Thus quality of an image enhances
by using different transform, therefore in the image
enhancement techniques DFT and FFT is used.In figure 2.12,
spatial filtering is shown, and Broad SF, High SF and LOW SF
is shown, thus this is kind of frequency filtering.

Broad SF

High SF

Low SF

Figure 2.12 Spatial filtering
Smoothing Linear Filters

The result of a smoothing, linear spatial filter is just pixels’
average contained in the neighbourhood of the filter mask.
These filters are at some point known as,,“averaging filters”.
They are also termed as low pass filters.

The concept behind the smoothing filters is very simple. In this
we replace each pixel value in an image by the average of the
gray levels in the neighbourhood [17]

Their theoretical foundations, however, are very much less
secure and they can generate components which are totally
spurious. Hence, we must take care while using them. A few of
the denoising or filtering methods have been explained below:

addad noisg

original

Figure 2.13 Smoothened Image
Mean filter

As its name suggest is an averaging linear filter. Here, image is
divided into smaller area and then, filter computes the average
value of the corrupted image and the center pixel intensity
value is then replaced by newly obtained average value. This
process is repeated for each pixel present in the image.

Figure 2.14 Mean filter with Salt and Pepper Noise

20928



International Journal of Current Advanced Research Vol 9, Issue 01 (B), pp 20925-20929, January 2020

Figure 2.15 Mean filter with Gaussian Noise

Figure 2.16 Mean filter with Speckle Noise

CONCLUSION

The above G-TV model is quite effective in reconstructing
images with blur and uniform distributed noise without
changing the regularization parameter directly. However, it
still could not work well when the image is contaminated with
blur and mixed noise. As the number of iterations are
increased obtained results improves. Moreover, with lesser
Gaussian blur variance, image recovered in lesser iterations.
However, as the variance increases number of iterations also
increases which required to recover images.
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