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Abstract— Image denoising is a fundamental yet 

challenging problem that has been studied for decades. 

Dictionary is built only once with high resolution images 

belonging to different scenes. Since the dictionary is well 

organized in terms of indexing its entries, it is used to search 

similar patches very quickly for efficient NLM 

denoising.Our approach is very different in the sense, we 

build a single dictionary as a pre-processing step with a 

large number of arbitrary but high quality, textured images 

belonging to different object classes in contrast with 

building a dictionary for each noisy test image separately. 

We prefer to do this to avoid the time required to build the 

dictionary each time for separate test images.Principle 

Component Analysis (PCA) is a standard tool in modern 

data analysis because it is simple method for extracting 

relevant information from complex data matrix using eigen-

values and eigenvectors. The multi-scale principal 

component generalizes the usual PCA of a multivariate 

signal seen as a matrix by performing simultaneously a PCA 

on the matrices of details of different levels. In multi scale 

Principal Component Analysis (MSPCA) de-correlate the 

variables by extracting a linear relationship and wavelet 

analysis. For dictionary building purpose smooth patches 

has been find using PCA. Then clustering is done for the 

similar patches. Then id is allocated for each cluster to get 

the dictionary.             
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I. INTRODUCTION 

IMAGE denoising is one of the active areas of research in 

past few decades. Many denoising methods have been 

proposed in literature such as linear filtering, PDE based 

filtering [1], [2], TV minimization [3], [4], wavelet based 

[5]–[8] and bilateral filtering [9]–[11]. These filters perform 

better compared to others by preserving edges in a better 

way. However, edges with a poor contrast suffer. 

One emerging image denoising technique 

developed within the last five years is the non-local means 

(NLM) algorithm [1]. Unlike most denoising algorithms that 

rely on the local regularity assumption, the NLM algorithm 

estimates an unknown pixel by a weighted average of local 

and non-local pixels throughout the entire image. The 

weight decreases exponentially with an increased distortion 

between the neighborhoods of pixels under consideration. 

The NLM algorithm has been shown to outperform many 

contemporary denoising techniques in both PSNR and visual 

quality improvement. 

However, the superior performance of the NLM 

algorithm is achieved at the cost of higher computational 

complexity. That is, for a given pixel of interest (POI), the 

standard NLM algorithm computes the distortion between 

the block around the pixel and every other block in the 

image. Consequently, a lot of computation is needed to 

calculate the distortion between pixel neighborhoods. 

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, weighted by how 

similar these pixels are to the target pixel. This results in 

much greater post-filtering clarity, and less loss of detail in 

the image compared with local mean algorithms.[12] 

If compared with other well-known denoising 

techniques, such as the Gaussian smoothing model, the 

anisotropic diffusion model, the total variation denoising, 

the neighborhood filters and an elegant variant, the Wiener 

local empirical filter, the translation invariant wavelet 

thresholding, the non-local means method noise looks more 

like white noise.[13] Recently non-local means has been 

extended to other image processing applications such as 

deinterlacing[14]. 

Nonlocal means filter  is a variation from these 

local filters is a [13]. It works on the assumption that natural 

images comprise of many repeated patterns. These repeated 

patterns when identified and averaged remove random noise 

effectively. These redundant patches were exploited for 

better denoising by Buades et al. [13] in NLM filtering. 

NLM filter is more robust in denoising compared to all local 

neighbourhood based filters as a small patch around each 

pixel is considered instead of considering only the center 

pixel. Though this filter brought a drastic improvement in 

denoising, it is computationally very demanding as each 

noisy pixel is replaced by a weighted average of all the 

pixels in the image. This method has a computational 

complexity of O(m2Q4) for a Q × Q sized image with m × 

m patch size. 

II. NLM FILTERING AND DENOISING 

Non-local means filter uses all the possible self-predictions 

and self-similarities the image can provide to determine the 

pixel weights for filtering the noisy image, with the 

assumption that the image contains an extensive amount of 

self-similarity. As the pixels are highly correlated and the 

noise is typically independently and identically distributed, 

averaging of these pixels results in noise suppression 

thereby yielding a pixel that is similar to its original value. 

The non-local means filter removes the noise and cleans the 

edges without losing too many fine structure and details. But 

as the noise increases, the performance of non-local means 

filter deteriorates and the denoised image suffers from 

blurring and loss of image details. This is because the 

similar local patches used to find the pixel weights contains 

noisy pixels. In this paper, the blend of non-local means 
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filter and its method noise thresholding using wavelets is 

proposed for better image denoising. The performance of the 

proposed method is compared with wavelet thresholding, 

bilateral filter, non-local means filter and multi-resolution 

bilateral filter. It is found that performance of proposed 

method is superior to wavelet thresholding, bilateral filter 

and non-local means filter and superior/akin to multi-

resolution bilateral filter in terms of method noise, visual 

quality, PSNR and Image Quality Index. 

III. NLM THROUGH DICTIONARY BUILDING 

A nonlocal means filter replaces each pixel in the noisy 

image with the weighted average of all other pixels in the 

image. This can be represented as, 

(1) 

where u(i) is the pixel being filtered, u(j) is any 

other pixel in the image, Ni is the neighbourhood of i th 

pixel in the image and w(Ni,Nj) weight with which each 

noisy pixel is multiplied with. Weight function is a measure 

of the similarity between neighbouhoods (Ni) and (Nj) and 

computed by finding the Euclidean distance between them. 

Pixels which are near to the center of the neighbourhood 

should be given more weight than pixels at far and hence 

this distance function is further weighted by a Gaussian 

kernel of standard deviation b. This can be represented as 

(2) 

The term  represents Gaussian weighted Euclidean 

distance function, b is the standard deviation of the Gaussian 

kernel. The weight function can be computed as 

(3) 

where h is the filtering parameter and Z is a normalization 

constant given by   (4) 

Clustering is a process of organizing objects into different 

groups whose members are similar in some way.  

Our approach is very different in the sense, we 

build a two dictionary as a pre-processing step with a large 

number of arbitrary but high quality, textured images 

belonging to different object classes in contrast with 

building a dictionary for each noisy test image separately, 

one with large size patches and small size patches. We 

prefer to do this to avoid the time required to build the 

dictionary each time for separate test images. Also 

clustering algorithms are susceptible at higher noise levels if 

noisy test images are used as inputs. 

According to the true NLM principle, search for 

similar patches should be carried out in the entire image 

which results in a computational cost of O(Q4(2m + 1)2) for 

a Q × Q image size and (2m +1) patch size. In [13] authors 

suggested a restricted search space to reduce the 

computational cost. Complexity of the filter is reduced to 

O(Q2(2s+1)2(2m+1)2) which is still very high. Here s is 

half length of the search window. In [14], [15] authors 

preselect only a few number of patches from the restricted 

search space with a different distance measure which is not 

data driven. Average gray level and variance or gradient 

have been used for patch comparison. Two patches with 

different textures may have same mean and gradient values. 

Though these methods speed up the computation, they are 

found to be inaccurate because the preselection procedure 

may end up selecting patches which are dissimilar. 

In this paper, we propose a novel strategy for NLM 

speed-up by classifying and clustering all similar patches in 

a dictionary. Instead of searching similar patches from the 

restricted search space, we search them from the global 

dictionary which is built with the patches collected from a 

variety of high resolution images. Our searching technique 

is very fast and extracts patches very accurately from the 

purpose built dictionary. 

Accordingly, we need to find distances between all 

patches which is computationally not feasible. To increase 

the computational efficiency, we restrict the search space as 

suggested in [13] shown with a green colored square box in 

Fig. 1. Here it is noticed that many patches which are similar 

to the reference patch (yellow patch at the center) lie outside 

the search space. On the other hand, many dissimilar 

IV. BILATERAL FILTER 

Bilateral filter developed by Tomasi et al. [9] is a nonlinear 

filter which does efficient image denoising, in addition to 

preserving edges very well. This filter is an extention of 

work [40], as it combines both domain and range filters. 

Pixels which are close (spatially) to the center pixel are 

weighted more in domain filtering while photometrically 

close pixels are given more weightage in range filtering. 

Pixels with very different intensity values are filtered out 

from averaging, leading to efficient edge preservation. 

Bilateral filter replaces each noisy pixel by a weighted 

average of all neighbourhood pixels given by, 

where N(x) is a spatial neighbourhood around pixel 

x, Z(x) is a normalization term given by 

    ∑                      and   ,    are weights for 

spatial and rangefiltering, respectively. They are defined as  

     
 |   | 

   and     
 |         | 

   

where ρ and h are filtering parameters. 

V. ANISOTROPIC DIFFUSION FILTER 

This filter works on the principle of scale space 

representation of image. Image structures are handled at 

different scales by representing an image as a one parameter 

family of smoothed images. Image is convolved with 

Gaussian kernel with different scale parameters(t). 

Anisotropic diffusion is given by 

(2) 

where div is the divergent operator, ∇ and   

respectively the gradient and Laplacian operators and c is 

diffusion coefficient. The magnitude of c depends on the 

presence of edge/object boundaries. To stop the diffusion in 

the image at the regions of object boundaries, magnitude of 

c is chosen to be 0 and at other regions it is 1. Thus giving 

more importance to the intra region blurring than the inter 

region blurring. Perona and Malik [1] suggested the 

following choice for c function, 

 (1) 
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κ is a constant. 

VI. PRINCIPAL COMPONENT ANALYSIS 

Principal components analysis (PCA) is a technique used 

toreduce a multidimensional data to lower dimensions 

foranalysis. PCA consists of computation of the 

eigenvaluedecomposition or singular value decomposition 

of a data set,usually after mean centering the data for each 

attribute.Usually, the results of a PCA are discussed in terms 

of scores and loadings [10, 4].PCA is quite much the same 

as SVD. The only difference isthat PCA is calculated based 

on the covariance (or correlation)matrixes but SVD could be 

applied on any type of matrices.As a result PCA can be 

applied on square matrices only,where this is not the case 

for SVD. In general both methodsare based on the 

Karhunen-Loève Transform (KLT) and thedifference is 

trivial. 

"Like SVD, PCA involves a mathematical 

procedure thattransforms a number of (possibly) correlated 

variables into a(smaller) number of uncorrelated variables 

called principalcomponents. The first principal component 

accounts for asmuch of the variability in the data as 

possible, and eachsucceeding component accounts for as 

much of the remainingvariability as possible. In other 

words, suppose you havesamples located in environmental 

space or in species space. Ifyou could simultaneously 

envision all environmental variablesor all species, then there 

would be little need for ordination.However, with more than 

three dimensions, we usually need alittle help. What PCA 

does is that it takes your cloud of datapoints, and rotates it 

such that the maximum variability isvisible. Another way of 

saying this is that it identifies yourmost important gradients 

[1]. 

VII. MULTISCALE PCA 

The aim of multiscale PCA is to reconstruct, starting from 

amultivariate signal and using a simple representation at 

eachresolution level, a simplified multivariate signal. 

Themultiscale principal component generalizes the normal 

PCAof a multivariate signal represented as a matrix by 

performinga PCA on the matrices of details of different 

levelssimultaneously. A PCA is also performed on the 

coarserapproximation coefficients matrix in the wavelet 

domain aswell as on the final reconstructed matrix [9], [3]. 

By selectingthe numbers of retained principal components, 

interestingsimplified signals can be reconstructed [10]. 

VIII. EDGE PATCH BASED DICTIONARY 

The main limitation with the patch based dictionary is 

theneed for designing the dictionary for a large number of 

trainingdata set. This need arises because the same 

dictionary is beingused to search similar patches for any 

given test image. Thusthe dictionary must have the 

collection of a variety of patchesbelonging to different 

textural patterns. As the input noisyimage is a gray image 

which falls in the range (0-255) itspatches (patch size = 5 × 

5) can be one among the (256)25combinations. Building the 

global dictionary with sufficientnumber of patches (at least 

P), spanning such a wide rangeis possible only if more and 

more number of training imagesare considered. Distribution 

of gray values for all the patchesbelonging to a global 

dictionary and their deviation fromthe mean values. 

IX. EDGE PATCH BASED DENOISING 

Edge preserving filters viz. bilateral or anisotropic, 

areapplied on noisy images to obtain residual image as 

illustrated in Fig. The residual image captures both minor 

texturesand noise. Feature vectors are extracted from the 

residualimages which are treated as reference patches. To 

build edgepatch based dictionary, edge preserving filters are 

applied on high resolution training images. The smoothed 

image issubsequently subtracted from the original image to 

obtain anedge image which captures the edges well. Feature 

vectorsare extracted from these edge images to build the 

edge basedglobal patch dictionary using the same process 

discussed. Now for each reference patch, similar patchesare 

searched in the global edge patch based dictionary to 

carryout NLM denoising. Because of NLM, the noise is 

removedand only the minor texture is captured.For 

dictionary building purpose smooth patches has been find 

using PCA. Then clustering is done for the similar patches. 

Then id is allocated for each cluster to get the dictionary. 

NLM is done using Multiscale PCA for the fast execution as 

well as for the good results. 

 
Fig. 1: schematic diagram for denosing 

X. CONCLUSION 

In this paper we have seen the modified strategy of NLM for 

the image de-noising.NLMis speed-up by classifying and 

clustering all similar patches in a dictionary.  Then we have 

seen the dictionary building in detail. Two dictionary have 

been built up for the multicale PCA.We build adictionary as 

a pre-processing step with a large numberof arbitrary but 

high quality, for small clusters another is made for Larger 

cluster. Textured images belonging todifferent object classes 

in contrast with building a dictionaryfor each noisy test 

image separately. We prefer to do this toavoid the time 

required to build the dictionary each time forseparate test 

images.We prefer to do this toavoid the time required to 

build the dictionary each time forseparate test images. 

Finally de-noising has been performed and results has been 

evaluated and tabulated in the result section. 

XI. RESULTS  

 

Noise 

Figur

e 

Bilateral 

Modified 

NLM(Bil

ateral) 

Anisotropic 

Modified 

NLM 

(Anisotropic ) 

10 30.5981 32.9365 30.4933 32.9740 

15 28.587 30.1262 28.6803 30.4399 

20 26.0522 27.2359 26.3265 27.5743 
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25 23.6433 24.7013 23.9733 25.1124 

30 21.3968 22.6514 21.7424 22.9279 

Table 1: Results for Barbara image 

 

Noise 

Figur

e 

 

Bilatera

l 

Modified 

NLM(Bilatera

l) 

Anisotropi

c 

Modified 

NLM 

(Anisotropi

c ) 

10 32.3344 34.2367 32.1339 34.0276 

15 29.9683 31.1420 29.8089 31.0200 

20 27.063 27.8941 27.0014 27.9041 

25 24.1818 25.1377 24.3342 25.3056 

30 21.7945 22.9550 22.0289 23.0713 

Table 2: Results for Cameraman image 
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