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Abstract: Image denoising is an important image processing task, both as a process itself and as a component
in other processes. Images are often corrupted by noise during the acquisition process. Denoising aims at
eliminating this measurement noise while trying to preserve important signal features such as texture and edges.
Over the past few decades, a large variety of algorithms has been developed for that purpose. Image denoising is
an important process in image processing. In previous approach there are two denoising approach has been
implemented such as NLM and Block- Matching and 3D (BM3D).In Non Local Means (NLM) each pixel has
been estimated separately and fusing other “similar” neighborhood pixel. Whereas Block-Matching and 3D
filtering (BM3D) is performed on group of similar patches together. In this paper, our proposed approach is a
Global denoising algorithm (GLIDE) which is a non-local patch-based Processing where each pixel is
estimated from all pixels in the image. Approximated spectral decomposition is computed using Nystrom
Method. Eigen decomposition of the approximated image is estimated by Sinkhorn method for getting
orthogonal eigenvectors of the obtained Eigen values with the help of Orthogonalization process. Finally
Denoised image will be obtained using this proposed strategy. Hence, our approach can effectively enhance the
performance of existing filters.

Keywords: Image denoising, Block- Matching and 3D (BM3D), NLM (Non-local means) filters, BM3D,
Nystrom extension.

1. INTRODUCTION

Digital images play an important role both in daily life applications such as satellite television,
magnetic resonance imaging, Computer tomography as well as in areas of research and technology
such as geographical information systems and astronomy. A digital image is a numeric representation
(normally binary) of a two-dimensional image. Depending on whether the image resolution is fixed, it
may be of vector. Vector images resulted from mathematical geometry (vector). In mathematical
terms, a vector consists of point that has both direction and length. Image viewer software displays
images. Web browsers can display standard internet image formats including GIF, JPEG, and PNG.
Digital Images are electronic snapshots taken of a scene or scanned from documents, such as
photographs, manuscripts, printed texts, and artwork. The digital image is sampled and mapped as a
grid of dots or picture elements (pixels). Each pixel is assigned a Tonal value (black, white, shades of
gray or color), which is represented in binary code (zeros and ones). The binary digits ("bits") for each
pixel are stored in a sequence by a computer and often reduced to a mathematical representation
(compressed). The bits are then interpreted and read by the computer to produce an analog version for
display or printing. Digital image processing deals with manipulation of digital images through a
digital computer. It is a subfield of signals and systems but focus particularly on images. DIP focuses
on developing a computer system that is able to perform processing on an image. The input of that
system is a digital image and the system process that image using efficient algorithms, and gives an
image as an output. Digital image processing enables the reversible, virtually noise-free modification
of an image in the form of a matrix of integers instead of the classical darkroom manipulations or
filtration of time-dependent voltages necessary for analog images and video signals. Even though
many image processing algorithms are extremely powerful, the average user often applies operations
to digital images without concern for the underlying principles behind these manipulations. The
images that result from careless manipulation are often severely degraded or otherwise compromised
with respect to those that could be produced if the power and versatility of the digital processing
software were correctly utilized. Denoising of images is perhaps the most basic image restoration
problem. The degradation model for the denoising problem can be described as:
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y=z+e

Where column vectors z and y denote the (vectorized) underlying latent image and its noisy
observation, respectively. The vector e represents zero-mean white noisel with variance ¢2 (which is
assumed to be spatially invariant in this paper). There have been numerous denoising algorithms to
estimate z from y, and in general most of these methods can be categorized as patch-based filters.

2. LITERATURE SURVEY

Some Denoising approaches were processed in previous work such as the bilateral filter, LARK and
NLM. These are estimated each pixel separately fusing other “similar” neighborhood pixels.
Additional more recent state-of-the-art patch-based methods such as BM3D and PLOW denoised a
group of similar patches together. Fig.1 shows the NLM kernel process.

Global Filter Weights (pixel 1)

Global Filter Weights pixel 2)

Fig. 1. Comparison of the local and global filter weights for the NLM kernel. The filter weights are computed
for the two labeled pixels.

A bilateral filter is an edge-preserving and noise reducing smoothing filter. The intensity value at each
pixel in an image is replaced by a weighted average of intensity values from nearby pixels. This
weight can be based on a Gaussian distribution. LARK- Locally Adaptive Regression Kernels are
very effective descriptors perform Denoising, Deblurring and Super-resolution without explicit priors.
NLM(Non-local means) is an algorithm in image processing for image denoising. Unlike "local
mean" filters, which take the mean value of a group of pixels surrounding a target pixel to smooth the
image, non-local means filtering takes a mean of all pixels in the image. Block-Matching and 3D
filtering (BM3D) is a grouping and collaborative filtering where noisy image is divided into blocks in
a sliding manner. Each block is processed by searching similar blocks with fixed threshold. These
matched blocks are stacked together to form a 3D array. Patch-based Locally Optimal Wiener
Filtering (PLOW) for Image Denoising is needed to estimate the covariance matrix for the full color
patches, whereby the dependencies across color channels can be captured implicitly. The filtering
process is defined as applying a shrinkage function to the transform coefficients and recovering the
estimated patches by inverse transform. However, Performance of these patch-based methods is
strictly dependent on how well the similar patches are matched. For filters, locally adaptive regression
kernel (LARK) denoising method and Non Local Means (NLM) measured the Eigenvectors and
Eigen values which are well represented the image content. These methods robustly measuring the
pixel similarity based on geodesic distance and point-wise photometric distance with patch distances.
Again SAIF method is proposed where images are filtered local patch manner and iteration number
are automatically optimized with locally estimated MSE.

2.1 Disadvantage of Existing Systems

e NLM filtering has been derived under the assumption of additive white Gaussian (AWG)
noise contamination since NLM is known to fail at low values of SNR.

e In NLM used method PSNR and visual quality are required to improve.

e In NLM processing, Edges and Smooth features of an image are preserved but required much
improvement.

e The SAIF algorithm not suited for theoretical limitation over this local window size,
computational burden of building a matrix filter for a window as large as the whole image is
prohibitively high.

e BMB3D performs best when the number of matched blocks is higher (e.g., textures, regular
shaped image structures, or uniform areas). It is not

e Effective when a large amount of matching blocks is not found.
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e In some cases the filtering process using BM3D is to remove some of the edge information
making edges blurry.

e The adaptive choosing of matching distance in BM3D is useful for dealing with the noisy
image with high noise level.

3. PROPOSED SYSTEM

Our Proposed method can efficiently work with huge affinity (similarity) matrices by operating on
only a small portion of the complete matrix to produce a low-rank approximation. Here new Nystrom
method was introduced for finding numerical solutions to Eigen decomposition problems. This
Nystrom extension used for much application such as manifold learning, image segmentation, and
image editing. A key aspect of this Nystrom method is the distribution according to which columns
are sampled from the original matrix. Combination of Nystrom approximation and Statistical Analysis
gives an efficient solution, before processing to the filter approximation behavior of the filter MSE is
analyzed. Obtained filter Eigen values are the shrinkage factors which directly tune the filtering
performance. That shrinkage factors directly proportional to the signal-to-noise ratio of each channel.
From the estimation of MSE, the shrinkage (k) and truncation (m) factors are calculated to extend the
minimization problem. This shrinkage factors directly tune the filtering performance and Truncation
factor increases the bias and lowers the variance. Also Iteration are estimated the filtering strength.
Due to high computational and storage cost need eigen-decomposition of the original pixel which is
approximated by Nystrom method. Next Sinkhorn method is applied to estimate the eigen
decomposition of the symmetric. This Sinkhorn states that every square matrix with positive entries
can be written in a certain standard form. To Orthogonal the approximated eigenvectors is done by
Orthogonalization procedure. Orthogonalization is the process of finding a set of orthogonal vectors
that span a particular subspace. Finally the Orthonormal approximation for eigen-decomposition is
obtained.

3.1 Advantages of Proposed System
» Global filtering is inherently good in performance in a way that proposed methods are not.
» Todenoised every single pixel our proposed global filtering uses all pixels of the input image.

» In terms of both PSNR & Visual Quality the proposed global filtering algorithm performed
well over the best existing patch-based methods.

» Performance brought by the global approach will grow substantially with increasing image
size.

3.2 Block Diagram
Block diagram for proposed system.
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5. MODULE DESCRIPTION
1. Pre Processing

In image processing concept preprocessing process are required to evaluate further processing the
image. In preprocessing steps we can resize the image with specified size. We added noise to the
image in terms of sigma value. If increased sigma value added noise ratio is increased so that PSNR
value gradually decreased. Here we going to perform denoising operation so there is a need to add the
noise to image.

2. Nystrom Approximation

This method is a numerical approximation for estimating the eigenvectors of the symmetric kernel
matrix K:

K=aone!

Where @ = [¢,.....kedresents the Orthonormal eigenvectors and I = [z1. 72. ... 721 contains the Eigen
values of K. The Nystrom method seeks the numerical solution of an integral equation by replacing
the integral with a representative weighted sum. The continuous problem is broken into n discrete
intervals; quadrature or numerical integration determines the weights and locations of representative
points for the integral. The discrete problem to be solved is how a system of linear equations. The
Nystrom method is an efficient technique used to speed up large-scale learning

Algorithm 1: Spectral Approximation of the Filter W

Input: Sub-blocks of the similarity matrix K:
{K4,Kag}, let (p,p) = size(K4) and
(py,n —p) = size(Kap)
Output: p leading orthogonal eigenvectors and
eigenvalues of the approximated filter W: {V,S}

Nystrém Approximation:
- Kg = BT, 8
= Eigen-decomposition of the sub-block K 4
R R
K,”{ B‘I)_,ﬂ H A
= Approximate the m leading eigenvectors of K

Applications by generating low-rank approximations. Crucial to the performance of this technique is
the assumption that a matrix can be well approximated by working exclusively with a subset of its
columns. Spectral graph theoretic methods have recently shown great promise for the problem of
image segmentation. However, due to the computational demands of these approaches, applications to
large problems such as spatiotemporal data and high resolution imagery have been slow to appear.
The computational demands can be solved for the numerical solution of Eigen function problems
known as the Nystrom method.

ﬁ b h(z) dz ~ Zwkh(:ﬁk}

Application of the Nystrom Method
1. Spectral Clustering
2. Kernel Ridge Regression
3. Support Vector Machines
4. Kernel Logistic Regression
5

Manifold Learning
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3. Sinkhorn Method

Sinkhorn's theorem states that every square matrix with positive entries can be written in a certain
standard form. Then the Sinkhorn-Knopp algorithm can be used to balance the matrix, that is, to find
a diagonal scaling of $A$ that is doubly stochastic. It is known that the convergence is linear, and an
upper bound has been given for the rate of convergence for positive matrices. Sinkhorn proved that
every entry-wise positive matrix can be made doubly stochastic by multiplying with two diagonal
matrices.

Algorithm 2: Spectral Approximation of the Filter W

Input: Sub-blocks of the similarity matrix K:

{Ka,Kap}, let (p,p) = size(K,4) and

(p,n = p) = size(Kyp)
Output: p leading orthogonal cigenvectors and

eigenvalues of the approximated filter W: {V,S}
Sinkhorn*:
3- r = ones(n, 1); w4 = diag(I14);
4-fori=1;iter
c=1/ (@(71"4.(111 r))) ; = Column normalization

- ~T
r=1/ ('I'(WA,(@ c))) : = Row normalization

end
S-fori=1:p _ B
Wy ap = r(i)(w’.@(i,:))(repmat(c, [1, p]). ®)7T;
end

6' ‘VA = W/I,A.B(:‘. 1 p),

= Sub-block of the symmetrized W gy,
7-Wap =Waap(t,p+1:n);

= Sub-block of the symmetrized W,

Here the Sinkhorn method is applied to estimate the Eigen decomposition of the symmetric and
double-stochastic filter.

4. Orthogonalization

Orthogonalization is the process of finding a set of orthogonal vectors that span a particular
subspace. Formally, starting with a linearly independent set of vectors in an inner product space (most
commonly the Euclidean space Rn), orthogonalization results in a set of orthogonal vectors that
generate the same subspace as the vectors. Every vector in the new set is orthogonal to every other
vector in the new set; and the new set and the old set have the same linear span.

Algorithm 3: Spectral Approximation of the Filter W

Input: Sub-blocks of the similarity matrix K:
{Ka,Kap}, let (p,p) = size(K4) and
(p,n —p) = size(Kap)
Output: p leading orthogonal cigenvectors and
cigenvalues of the approximated filter W: {V, S}

Orthogonalization:

8- Wgz = sqrtm(W 4);

9-Q=W4+ W, "W, pWi,W, '

10- Q = VSoVy);

= Eigen-decomposition of the symmetric matrix Q
~ W4

11- V= T

{ Wap
= Approximated orthogonal eigenvectors
12- § = Sg: = Approximated eigenvalues

—1/2 —1/2
WA ] VQSQ .

International Journal of Innovative Research in Electronics and Communications (1IJIREC) Page 5



K.Sri Hari Rao & P.Rohitha

6. RESULTS

7. CONCLUSION

Global denoising image has been implemented which is a truly global denoising algorithm. The global
approach goes beyond the dominant paradigm of non-local patch-based processing, which we have
shown here to be inherently limited. At the same time, the experimental results demonstrated that the
proposed approach improves over the best existing patch-based methods in terms of both PSNR and
subjective visual gquality. More specifically, the PSNR values for the global filter point to essentially
perfect reconstruction of the noise-free image, which is apparently impossible to achieve of
algorithms like such as NLM, BM3D, even if all the filter parameters are known exactly. Hence, our
denoising algorithm (GLIDE) which is a non-local patch-based processing where each pixel is
estimated from all pixels in the image. Compute the approximated spectral decomposition using
Nystrom Method. Estimate the Eigen decomposition of the approximated image by Sinkhorn method
for getting orthogonal eigenvectors of the obtained Eigen values with the help of Orthogonalization
process. Finally Denoised image will be obtain using this proposed strategy. Hence, our approach
can effectively enhance the performance of existing filters.
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