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Abstract - Removing noise from the original image is still a challenging problem for researchers. In this paper, we build the 
internal and external data cubes to finding the similar patches from the noisy and web images respectively. We proposed two 
stages using different filtering approaches for reducing noise. In the first step, the noisy patch may create incorrect patch 
selection, we propose a graph based optimization method to improve patch matching accuracy in external denoising. The 
internal denoising is frequency truncation on internal cubes. By combining the internal and external denoising patches, we 
obtain a preliminary denoising result. In the second step,On transform domain, we propose to reduce noise by filtering of 
external and internal cubes, respectively. In this stage, the preliminary denoising result not only enhances the patch matching 
accuracy but also provides reliable estimates of filtering parameters. In this paper we propose system with the enhancement 
of previous system for image denoising by exploring both internal and external correlations. Correlations and a graph 
optimization method to improve patch matching accuracy and introduce a more effective filtering methods.  
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I. INTRODUCTION 
 
Image  denoising is a popular, undefined problem in 
image processing and computer vision. Theoretically, 
it is hard to precisely recover an image from noise 
since it is a highly under-constrained problem. During 
few past decades we were using pixel level filtering 
methods, like Gaussian filtering, Bilateral filtering and 
total variation regularization and patch filtering 
methods, such as non-local means block matching 3D 
filtering(BM3D) and low rank regularization. Besides 
Single-image based de-noising methods, other 
promising de-noising methods are learning based such 
as fields of experts, maximizing expected patch log 
likelihood (EPLL) and neural network training. Single 
image based de-noising performance is dropped 
seriously due to increasing noise level after recovery. 
Since the noise level is high, the accuracy will suffer 
from significant loss. BM3D is noteworthy that they 
utilize the same database for all kinds of noisy images. 
i.e., there is no prior for the noisy image scene being 
used. it will result in annoying artifacts. 
 
Removing noise from the original image is still a 
challenging problem for researchers. In this paper, we 
build the internal and external data cubes to finding 
the similar patches from the noisy and web images 
respectively.We proposed two stages using different 
filtering approaches for reducing noise.In the first 
step, the noisy patch may create incorrect patch 
selection, we propose a graph based optimization 
method to improve patch matching accuracy in 
external denoising. The internal denoising is 
frequency truncation on internal cubes. By combining 
the internal and external denoising patches, we obtain 
a preliminary denoising result. In the second step,On 
transform domain, we propose to reduce noise by 
filtering of external and internal cubes, respectively. In 

this stage, the preliminary denoising result not only 
enhances the patch matching accuracy but also 
provides reliable estimates of filtering parameters.  
In this paper we propose system with the enhancement 
of previous system for image denoising by exploring 
both internal and external correlations. Correlations 
and a graph optimization method to improve patch 
matching accuracy and introduce a more effective 
filtering methods .In our system, the correlated images 
captured by different settings like view point ,focal 
length,  resolution. Our system  could well handle 
noisy patches that have no matched patches in the 
external dataset. 
  
II. RELATED WORK 
 
A. Buades, B. Coll, and J.-M. Morel[1],have  propose 
a new measure, the method noise, to evaluate and 
compare the performance of digital image denoising 
methods. We first compute and analyze this method 
noise for a wide class of denoising algorithms, namely 
the local smoothing filters. Second, we propose a new 
algorithm, the nonlocal means (NL-means), based on 
a nonlocal averaging of all pixels in the image. 
Finally, we present some experiments comparing the 
NL-means algorithm and the local smoothing filters. 
K. Dabov, A. Foi, V. Katkovnik, and K. 
Egiazarian[2],have  propose a novel image denoising 
strategy based on an enhanced sparse representation in 
transform domain. The enhancement of the sparsity is 
achieved by grouping similar 2D image fragments 
(e.g., blocks) into 3D data arrays which we call 
"groups." Collaborative Altering is a special procedure 
developed to deal with these 3D groups. We realize it 
using the three successive steps: 3D transformation of 
a group, shrinkage of the transform spectrum, and 
inverse 3D transformation. The result is a 3D estimate 
that consists of the jointly filtered grouped image 
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blocks. By attenuating the noise, the collaborative 
filtering reveals even the finest details shared by 
grouped blocks and, at the same time, it preserves the 
essential unique features of each individual block. The 
filtered blocks are then returned to their original 
positions. Because these blocks are overlapping, for 
each pixel, we obtain many different estimates which 
need to be combined. Aggregation is a particular 
averaging procedure which is exploited to take 
advantage of this redundancy. A significant 
improvement is obtained by a specially developed 
collaborative Wiener filtering. An algorithm based on 
this novel denoising strategy and its efficient 
implementation are presented in full detail; an 
extension to color-image denoising is also developed. 
The experimental results demonstrate that this 
computationally scalable algorithm achieves state-of-
the-art denoising performance in terms of both peak 
signal-to-noise ratio and subjective visual quality. 
W. Dong, G. Shi, and X. Li[3],Simultaneous sparse 
coding (SSC) or nonlocal image representation has 
shown great potential in various low-level vision 
tasks, leading to several state-of-the-art image 
restoration techniques, including BM3D and LSSC. 
However, it still lacks a physically plausible 
explanation about why SSC is a better model than 
conventional sparse coding for the class of natural 
images. Meanwhile, the problem of sparsity 
optimization, especially when tangled with dictionary 
learning, is computationally difficult to solve. In this 
paper, we take a low-rank approach toward SSC and 
provide a conceptually simple interpretation from a 
bilateral variance estimation perspective, namely that 
singular-value decomposition of similar packed 
patches can be viewed as pooling both local and 
nonlocal information for estimating signal variances. 
Such perspective inspires us to develop a new class of 
image restoration algorithms called spatially adaptive 
iterative singular-value thresholding (SAIST). For 
noise data, SAIST generalizes the celebrated 
BayesShrink from local to nonlocal models; for 
incomplete data, SAIST extends previous 
deterministic annealing-based solution to sparsity 
optimization through incorporating the idea of 
dictionary learning. In addition to conceptual 
simplicity and computational efficiency, SAIST has 
achieved highly competent (often better) objective 
performance compared to several state-of-the-art 
methods in image denoising and completion 
experiments. Our subjective quality results compare 
favorably with those obtained by existing techniques, 
especially at high noise levels and with a large amount 
of missing data. 
 
D. Zoran and Y. Weiss[4],Learning good image priors 
is of utmost importance for the study of vision, 
computer vision and image processing applications. 
Learning priors and optimizing over whole images can 
lead to tremendous computational challenges. In 
contrast, when we work with small image patches, it is 

possible to learn priors and perform patch restoration 
very efficiently. This raises three questions - do priors 
that give high likelihood to the data also lead to good 
performance in restoration? Can we use such patch 
based priors to restore a full image? Can we learn 
better patch priors? In this work we answer these 
questions. We compare the likelihood of several patch 
models and show that priors that give high likelihood 
to data perform better in patch restoration. Motivated 
by this result, we propose a generic framework which 
allows for whole image restoration using any patch 
based prior for which a MAP (or approximate MAP) 
estimate can be calculated. We show how to derive an 
appropriate cost function, how to optimize it and how 
to use it to restore whole images. Finally, we present a 
generic, surprisingly simple Gaussian Mixture prior, 
learned from a set of natural images. When used with 
the proposed framework, this Gaussian Mixture 
Model outperforms all other generic prior methods for 
image denoising, deblurring and inpainting. 
 
H. C. Burger, C. J. Schuler, and S. Harmeling 
[5],Image denoising can be described as the problem 
of mapping from a noisy image to a noise-free image. 
The best currently available denoising methods 
approximate this mapping with cleverly engineered 
algorithms. In this work we attempt to learn this 
mapping directly with a plain multi layer perceptron 
(MLP) applied to image patches. While this has been 
done before, we will show that by training on large 
image databases we are able to compete with the 
current state-of-the-art image denoising methods. 
Furthermore, our approach is easily adapted to less 
extensively studied types of noise (by merely 
exchanging the training data), for which we achieve 
excellent results as well. 
 
III. PROPOSED SYSTEM 
 
In this paper we propose system with the enhancement 
of previous system for image denoising by exploring 
both internal and external correlations. Correlations 
and a graph optimization method to improve patch 
matching accuracy and introduce a more effective 
filtering methods.In this paper we have two 
contribution in first stage we design different external 
and internal filtering strategies to remove its noise.In 
the external denoising, the graph based optimization 
method to improve patch matching accuracy between 
a noisy patch and clean patches in external correlated 
images is proposed.In the internal denoising, 3D 
frequency domain filtering is performed. To produce a 
preliminary denoising image, these two denoising 
results are then combined in frequency domain. In 
second stage, we propose a two-stage based denoising 
strategy to fully take advantage of internal and 
external correlations. The de-noising result at the first 
stage is used to enhance image registration, patch 
matching and estimation of filtering parameters. 
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ADVANTAGES OF PROPOSED SYSTEM: 
 In our scheme, the correlated images captured by 

different settings like focal length, view point , 
resolution. 

 Our system could well handle noisy patches that 
have no matched patches in the external dataset. 

 

 
System Architecture Diagram 

 
IV. MODULES 
 
1. Correlated Image Retrieval 
2. Correlated Image Registration 
3. Combined Image Denoising:The First Stage 
4. Combined Image Denoising: The Second Stage 
 
1. Correlated Image Retrieval : 
Learning based denoising methods refuse content 
priors in a noisy image, which limits enhancement in 
denoising performance. Therefore, we adopt content-
based image retrieval technology, specifically the 
scale invariant feature transform (SIFT) based method 
proposed , to retrieve correlated images from a large-
scale database, as our external dataset. Since a large 
scale SIFT feature may cover multiple small scale 
SIFT features, propose bundling one large scale SIFT 
with many small scale SIFT features, namely using a 
visual group as one retrieval unit . The visual group is 
much more robust than the quantized single SIFT 
feature because the relative positions of SIFT features 
are considered in matching. We obtain a set of 
correlated images ,after matching all the visual groups 
extracted from the noisy image with those extracted 
from candidate images.  
Fig. 1 represents the top three retrieved images for 
three noisy inputs. The results demonstrate that the 
retrieval method does a good job of finding correlated 
images of the same scene with different imaging 

configurations for both architecture and natural 
images. 

 
Fig.1 Retrieved Correlated Images and Registration Results 
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2. Correlated Image Registration: 
Fig.1 represents the correlated images, though similar, 
are usually taken in focal lengths , different 
viewpoints, and illuminations. Searching for matched 
patches from these images directly will not only 
impose considerable computational burdens, but also 
decrease the matching accuracy since the best matched 
patch may be at a different rotation and scale of the 
candidate patch. Although the patch matching 
algorithm proposed could search for patches across 
scales and rotations, it will result in an incorrect result 
because of the optimization process and the missing of 
true signal information with noisy query.  
To resolve this problem, we present an approximate 
alignment through geometric registration to improve 
the correlation between the noisy query and retrieved 
images. First, we estimate the correspondences of 
feature points between the noisy image I and each of 
the correlated images.We adopt the matching criterion 
proposed and obtain a set of matching points, denoted 
as X={ x,xr  } , where x is the feature point in the 
noisy query, and xr  is its matched point in the 
retrieved image. 
 
3. Combined Image Denoising : The First Stage  
The noisy image I is split into overlapped patches {P} 
of size m×m at the step size of μ. For each noisy patch 
P,we aim to recover its details with the assistance of 
similar external and internal patches. Since P is 
strongly polluted by noise, searching for its similar 
patches in the external image set and the noisy image 
itself are both hard problems. Therefore, we present a 
graph-cut based patch matching strategy to improve 
external patch matching accuracy, and using the first 
stage result to improve the internal patch matching in 
the second stage. 
 

 
 

4. Combined Image Denoising : The Second Stage  
The first step denoising result  has greatly 
reduced the noise in I. Therefore it could help to 
enhance the denoising performance in the second step. 
A similar strategy is proposed in BM3D  and have 
achieved significant gain compared with the first stage 
denoising result. In this part, we will first introduce 
Wiener filtering in image denoising, and then apply it 
to our internal and external denoising scheme. 
 
CONCLUSION 
 
We have represent a novel image denoising system by 
exploring both  correlations The internal denoising 
part is performed on similar noisy patches by filtering 
in the transform domain . By combining the external 
and internal denoising results in frequency domain, we 
obtain a basic denoising result, and its noise has been 
significantly attenuated.  
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