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ABSTRACT 
 Non-Local Means (NLM) algorithm is one of the most 

popular and effective patch based image denoising 

method, which takes the advantage of self-similarity or 

redundancy present in a predefined search region. The 

search window size is a critical issue in Non-local means 

(NLM) algorithm. The original NLM algorithm uses the 

fixed size of search window for all pixels in an image. 

The fixed search window size in NLM algorithm affects 

the performance of the algorithm due to inclusion of less 

similar or more dissimilar pixels in the averaging. The 

proposed algorithm selects the optimal search window 

size for each pixel using structure tensor, which 

represents the properties of the region. Experimental 

results on standard images show that the proposed 

algorithm performs better than the conventional NLM 

algorithm in terms of PSNR and visual quality. It also 

preserves the image details such as edges and texture in 

an image at higher noise level.  

Keywords- Non-local means, denoising, structure tensor, 

smooth and texture regions, search window size. 

I.  INTRODUCTION 

Image denoising is an estimation process to recover the 

original image from the noisy image, while preserving the 

important image features such as edges and texture etc. [1], 

[2]. It is still one of the most fundamental, challenging, and 

unsolved problem in image processing. A large collection of 

patch based image denoising techniques have been proposed 

to tackle the denoising problem [3-7]. Recently, Buades et.al 

[7] presented the Non-Local Means (NLM) method, where 

the patch similarity has been widely used for image 

denoising. Non-local means (NLM) uses the redundant 

information or self-similarity of the image to reduce the 

noise [8]. Several variants of the original NLM have been 

proposed to improve the performance of NLM algorithm in 

recent years [9-17]. These articles mainly concentrate on 

various issues in NLM algorithm such as patch size, 

smoothing parameter, updating the weights, and 

computational cost etc. 

The original NLM algorithm uses fixed size search 

window for all pixels to denoise the image and its 

performance degrades as the noise variance increases. An  

 

image contains several type of regions such as smooth 

regions and non-smooth or texture regions. Ideally, the size 

of search window should be large for a pixel lying in 

smooth region and small for a pixel lying in texture region. 

The issue of selection of adaptive search window size using 

structure tensor has been addressed in this paper.  

Several authors [18], [19] have been proposed the 

adaptive search region based NLM using entropy and gray 

level difference, respectively. Based on the region 

characteristics, an adaptive search region size is chosen for 

each pixel in an image. This paper selects the optimal size 

of search region for each pixel using the structure tensor 

[20], which is mathematical tool to characterize the image 

into several regions like smooth, weakly texture (e.g. 

edges), and highly texture (e.g. corners) etc. in an image. 

The proposed algorithm selects the small, medium and large 

search window size for highly textured, weakly textured, 

and smooth regions, respectively.  

The rest of the paper is organized as follows: The 

original NLM algorithm is introduced briefly in section II. 

The proposed algorithm is described in section III.  

Experimental results are presented in section IV. Finally, the 

conclusions are given in section V. 

II. NON-LOCAL MEANS ALGORIHTM 

Let      and      be the observed noisy and original 
image pixels, respectively, where   is the pixel index. It is 
assumed that the original image is corrupted by       
Gaussian noise         with zero mean and a known 
variance    such that 

               (1) 

The estimated pixel values can be calculated as the weighted 
average of all grey values within the whole image or a 
predefined search region    as 

 ̂       
∑               

∑           

 
 

(2) 

where  ̂       is the restored pixel value at pixel i . The 

weights        indicating the amount of similarity between 

the local patches  centered at pixel i  and at pixel j in 

predefined search region    are obtained as 

          ( 
‖         ‖    
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and   is the smoothing parameter which controls the extent 

of averaging. Choosing a very small    leads to the noisy 

results almost identical to input, while a very large    results 

in an overly-smoothed image. In the above equation (3), 

      and      define the      square neighborhoods or 

patches centered on pixel   and   , respectively,     is a 

square search window of size     centered on pixel  . The 

vector norm used in equation (3) is simply the Gaussian 

weighted Euclidean distance with standard deviation   . 

Fig. 1 indicates the variation of PSNR in dB with respect to 

search window size using conventional NLM algorithm for 

different noise levels. The performance of the basic NLM 

algorithm degrades as the noise level increases. The 

performance of the NLM filter can be enhanced by choosing 

the suitable search window size for each pixel. 

 

 

 
(a) (b) 

Figure 1: (a) Cameraman Image  (b) PSNR(dB) vs. Search window size 

 

III. PROPOSED ALGORIHTM 

 

Structure tensor is a mathematical tool to analyze 

the structures in an image [20]. Image structure tensor is 

commonly used in detecting the corners, texture 

segmentation, and the optical flow estimation etc. [21]. It is 

a matrix representation of partial derivative or gradient 

information of a local neighborhood. It can also be 

expressed as the outer product of the image gradient with 

itself [22]. It represents the direction of change in intesity 

gradient in a local patch or neighborhood. Suppose   be an 

noisy image of size      and      be noisy image pixel 

value at location  , where   is the pair of integer indices. The 

2-D structure tensor of an image pixel is defined as 

     

[
 
 
 
 ∑       

 

    

∑           

    

∑           

    

∑       
 

    ]
 
 
 
 

 

 

(4) 

where,    indicates the local neighborhood or window of 

size     around the pixel  .    and     denote the partial 

derivative of Y or gradients in   or horizontal and   or 

vertical directions.       denotes the 2×2 symmetric matrix 

whose eigenvalues are       and the corresponding 

eigenvectors   ,    represents the distribution of gradient 

       ,     of Y within the window    centered at pixel 

 . The various regions in an image can be characterized by 

using the eigenvalues. Based on these eigenvalues        , 

the local structures can be determined as one of the three 

types 

 constant or smooth regions:        0 

 weakly texture regions:          

 Highly texture regions:          

For weakly texture regions like edge points, the eigenvector 

   corresponding to the smaller eigenvalue is along the edge 

(tangent direction), while the eigenvector    is across the 

edge (normal direction). Thus, the structured tensor image 

can be obtained by using equation (4). In image structure 

tensor, the gradient information of local neighborhood is 

required to capture the properties of the regions. Since the 

gradient is very sensitive to noise. As the noise variance 

increases, it is very difficult to capture the actual gradient 

information. To obtain the gradient information effectively, 

the noisy image can be prefiltered by using Gaussian filter 

[1] or any other filtering technique [7] to obtain the 

prefiltered image  ̂. In proposed method, the original NLM 

algorithm [7] is used to prefilter the noisy image. Ideally, 

the relationship between the eigenvalues is defined as: 

        for smooth or flat regions,       for 

weakly/highly texture regions. In general, the pixel values 

are not same in local patch of the image. For smooth 

regions, the eigenvalues    and    are non-zero.  To 

characterize the regions effectively, a response metric    for 

each pixel    is defined as: 

   
  
    

 

  
    

  
 

(5) 

 

According to equation (5),     for purely smooth or flat 

regions and     for weakly texture regions. Hence, the 

response metric   is used to classify a prefiltered image into 

several regions regarding to the local structures or properties 

of the region. To characterize the smooth, weakly texture 

and highly texture regions in an image, two thresholds    

and    are required and they are defined as follows: 

     (6) 

and 

         (7) 

where,   is the mean value of   metric image,   is the 

control parameter, and    is the standard deviation of   

metric image. The parameter   in all experiments is taken as 
[   ]  Finally, the regions in an image can be extracted by 

using following relations: 

 constant or smooth regions:       

 weakly texture regions:       
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 Highly texture regions:       and       

 

   

(a) (b) (c) 

Figure 2: a) Noisy image b) prefiltered image using original NLM 

algorithm c) structured tensor image 

Figure 2 shows the noisy, prefiltered, and structured tensor 

images. In structured tensor image, red, cyan and yellow 

colors represent the smooth regions, weakly texture regions, 

and strongly texture regions, respectively. Based on the 

region characteristics, the optimal search region   
   

 is 

selected for each pixel in an image by following relations: 

 for smooth regions – large search region size  

 for weakly texture regions – medium search region 

size  

 for highly texture regions – small search region 

size  

Therefore, the final denoised image can be obtained by 

using optimal search region   
   

 in original NLM algorithm 

as 

 ̂       ∑           

   
 
   

 
(8) 

 

IV. EXPERIMENTAL RESULTS 
 

In this section, the proposed algorithm is tested on 

various standard images which are corrupted by additive 

white Gaussian noise with standard deviation  = 20, 30, 40 

and 50. The results of the proposed algorithm are compared 

with the original NLM algorithm and other state-of-the-art 

denoising algorithms in terms of PSNR(dB) and the visual 

quality [23]. The performance of the proposed algorithm is 

tested on five natural images like cameraman, Lena, 

Peppers, Boats, and Monarch at various noise levels.  For 

the original  NLM algorithm, the size of search widow is 

taken as       , the neighborhood size is     and the 

smoothing parameter is taken as       . For the proposed 

algorithm, the size of search window is taken as 9 9 ,

15 15 and 21 21  for small, medium and large search 

windows respectively. The size of neighborhood is taken as 

    for     ,     for        , and     for 

    . The smoothing parameter is taken as        for 

small and medium search windows and          for large 

search window. The parameter is taken as in range from 0 

to 1. Table 1 indicates the denoising results of the original 

NLM, GLDNLM [19] and proposed adaptive NLM 

(ANLM) algorithm for the standard test   for  
               . It can be observed from table 1 that the 

proposed algorithm performs better than the conventional 

NLM algorithm and other state-of-the-art denoising 

algorithms in terms of PSNR and visual quality at higher 

noise level. For most of the images, the proposed algorithm 

has an average PSNR performance gain of 0.5-2 dB for 

almost all noise levels. It is further observed that as the 

noise standard deviation increases, the performance level of 

the proposed algorithm increases vis-à-vis the conventional 

NLM algorithm and other state-of-the-art denoising 

algorithms. Fig. 3-6 show the denoised images using 

original NLM algorithm, GLDNLM algorithm, and the 

proposed algorithm for different noise levels   
                . The proposed algorithm provides a 

much better denoising result at higher noise level, where 

noise is well suppressed in smooth regions while details in 

non-smooth regions are also preserved.  

 

 

    

(a) (b) (c) (d) 

Figure 3: Denoising results in terms of visual quality for σ=20: a) Noisy image b) NLM c) GLDNLM d) Proposed method 
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(a) (b) (c) (d) 

Figure 4: Denoising results in terms of visual quality for σ=30: a) Noisy image b) NLM c) GLDNLM d) Proposed method 

    

(a) (b) (c) (d) 

Figure 5: Denoising results in terms of visual quality for σ=40: a) Noisy image b) NLM c) GLDNLM d) Proposed method 

 

    

(a) (b) (c) (d) 

Figure 6: Denoising results in terms of visual quality for σ=50: a) Noisy image b) NLM c) GLDNLM d) Proposed method 

 

Table 1: PSNR (dB) comparison results of denoised images for different noise levels 

 

  Methods Cameraman Lena Pepeers Boats Monarch 

 

20 

NLM 28.9777 28.6688 29.8014 27.2753 28.6696 

GLDNLM 29.2906 29.2263 29.6772 27.4572 29.1160 

Proposed 29.9401 29.5626 30.1624 27.7149 29.7747 

 

30 

NLM 26.8033 26.4634 26.6543 25.2270 26.3431 

GLDNLM 27.2563 27.0265 27.5089 25.4713 26.9300 

Proposed 27.8036 27.2082 27.7526 25.6850 27.3644 
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40 

NLM 25.1077 24.7793 24.7429 23.7483 24.5783 

GLDNLM 25.7327 25.3539 25.5749 24.2402 25.1066 

Proposed 26.1024 25.7657 25.8145 24.4821 25.5544 

 

50 

NLM 23.7160 23.3332 23.2944 22.4903 23.2414 

GLDNLM 24.2893 23.9749 24.0950 22.8100 23.6880 

Proposed 24.6466 24.4106 24.5195 23.1689 24.0807 

 

V. CONCLUSIONS 

An adaptive search window-based NLM algorithm using 
the structure tensor is proposed in this paper. The original 
algorithm is first used to get the pre-filtered image, and then 
the structured tensor image is obtained by calculating the 
structure tensor value for each pixel. The search window 
map is obtained from the structured tensor image by using 
suitable thresholds. Finally, the noisy image is denoised 
using adaptive search window according to region 
characteristics. Experimental results show that the proposed 
algorithm outperforms the conventional NLM algorithm and 
other state-of-the-art denoising techniques with a gain range 
of 0.5-1.5 dB and it preserves the image details such as 
edges and texture effectively at various noise level. 
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