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Abstract 

Over the years a variety of methods have been introduced to remove noise from digital images, such as Gaussian filtering, 
anisotropic filtering, and Total Variation minimization. Due to certain assumptions made about the frequency content of the 
image, many of these algorithms remove fine details from images in addition to the noise. The non-local means algorithm 
assumes the concept of self-similarity, instead of making the above mentioned assumptions. This concept of self-similarity is 
used in the NLM algorithm to perform image denoising. However, many of these algorithms remove the fine details and structure 
of the image in addition to the noise because of assumptions made about the frequency content of the image. The non-local 
means algorithm does not make these assumptions, but instead assumes that the image contains an extensive amount of 
redundancy. These redundancies can then be exploited to remove the noise in the image. This paper will implement the approach 
and compare it to other denoising methods using the method noise measurement. Recently, the NLMeans filter has been proposed 
by Buades et al. for the suppression of white Gaussian noise. This filter exploits the repetitive character of structures in an image, 
unlike conventional denoising algorithms, which typically operate in a local neighborhood. In this paper, we show that the 
NLMeans algorithm is basically the first iteration of the Jacobi optimization algorithm for robustly estimating the noise-free 
image.  
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1. INTRODUCTION 
 

All digital images contain some degree of noise.  Often times this noise is introduced by the camera when a 
picture is taken.  Image denoising algorithms attempt to remove this noise from the image.  Ideally, the resulting 
denoised image will not contain any noise or added artifacts [1] [4]. 

Unlike these local denoising methods, non-local methods estimate the noisy pixel is replaced based on the 
information of the whole image. The motivation to develop non-local methods is to exploit similar patterns and 
structures in an image. This relatively new class of denoising methods originates from the non-local means [4]. 
Other denoising methods based on this concept are developed in 3d transform-domain filtering [10] and in a training 
based framework [11]. Unlike fractal-based methods, we exploit the similarity of small patches in the same scale, 
i.e. spatially. Besides repetitively in texture, we can also find this recurrent property in other parts of the image, such 
as repetition in different but similar objects, along edges and in uniform areas, etc. The non-local method is found 



Harvinder Singh, IJRIT   98 

 

perfectly suitable to some applications: some examples are denoising of scanned text images (availability of multiple 
repeated characters regardless of their font and the scan orientation) and gigantic satellite images (long roads and a 
lot of texture provide a huge amount of training data). The concept of repetitive structures has also successfully been 
employed in other image processing tasks such as interpolation or super-resolution and detecting digital image 
forgery. The non-local means algorithm produces state-of-the-art denoising results, however the method is 
computationally impractical due to the excessive amount of weight calculations between patches. The complexity of 
the algorithm is O(M2) with M the total number of pixels in the image. This follows directly from the fact that M 
weights have to be computed for every pixel in the image. Just to give some idea about computation time: denoising 
a 512 by 512 image on a P4 3.0 GHz with 1024 Mb ram lasts about 5 hours and 20 minutes. Several papers in 
literature are dedicated to the acceleration of the non-local means based on reclassifying neighborhoods with 
average gray values and gradients15 and replacing the mean squared deviation (msd) calculations with an efficient 
summed square image scheme using fast Fourier transform in a limited search window.16 Using a limited search 
window centered around the processed pixel, can accelerate the denoising process enormously, however, in some 
applications we wish to exploit the full search space, i.e. the whole image or video sequence. 

 
Similar objects can be located randomly in the image after all or images can consists of texture in most 

parts, e.g. in textile images. Additionally, the non-local property of the algorithm is partially vanished due to the 
limited search window and is so related back to local denoising methods. This paper will also focus on the 
acceleration of the non-local means algorithm, while keeping in mind that the proposed techniques can also be 
applied for other image processing tasks. 
 

 Major denoising methods include Gaussian filtering, Wiener filtering, and wavelet thresholding.  Many 
more methods have been developed; however, most methods make assumptions about the image that can lead to 
blurring.  This paper will explain these assumptions and present a new method, the non-local means algorithm that 
does not make the same assumptions [3][11].  The non-local means method will then be compared to other 
denoising methods using several measurements on the output images.  One of the measurements used will be the 
method noise, which is the difference between the image and denoised image. Over the years, many denoising 
approaches have been proposed. Some of the major denoising methods include Gaussian filtering and Wiener 
filtering etc. However, most of these methods tend to lose fine detail of the image which leads to blurring [8]. In this 
paper, a non-local means approach is presented, which performs image denoising while preserving most of the fine 
detail of the noisy image. This method will then be compared with two other denoising methods using different 
criteria on the denoised images. As suggested by Buades [21], method noise, which is the difference between the 
image and the denoised image, will be used as one of the criteria. The NLMeans filter, despite being intuitive and 
potentially very powerful, has two limitations at this moment: first, both the objective quality and visual quality are 
somewhat inferior to the other recent non-local techniques and second, the NLMeans filter has a complexity that is 
quadratic in the number of pixels in the image, which makes the technique computationally intensive and even 
impractical in real applications. For this reason, improvements for enhancing the visual quality and for reducing the 
computation time have been proposed by different researchers. Some authors investigate better similarity measures 
[14–16], use adaptive local neighborhoods [17], or refine the similarity estimates in different iterations [18]. Other 
authors propose algorithmic acceleration techniques [16,19-21], based for example on neighborhood reclassification 
[16,19] and FFT-based computation of the neighborhood similarities [20]. 

 

2. PROPOSED APPROACH AND LITERATURE 

Image noise is the random variation of brightness or color information in images produced by the sensor 
and circuitry of a scanner or digital camera. Image noise can also originate in film grain and in the unavoidable shot 
noise of an ideal photon detector [6].Image noise is generally regarded as an undesirable 
by- product of image capture. Although these unwanted fluctuations became known as "noise" by analogy with 
unwanted sound they are inaudible and such as dithering.  
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The types of Noise are following:- 
• Amplifier noise (Gaussian noise) 
• Salt-and-pepper noise 
• Shot noise (Poisson noise) 
• Speckle noise 
 
2.1 Amplifier noise (Gaussian noise) 
 

The standard model of amplifier noise is additive, Gaussian, independent at each pixel and independent of 
the signal intensity. In color cameras where more amplification is used in the blue color channel than in the green or 
red channel, there can be more noise in the blue channel .Amplifier noise is a major part of the "read noise" of an 
image sensor, that is, of the constant noise level in dark areas of the image [6]. 
 
2.2 Salt-and-pepper noise 
 

An image containing salt-and-pepper noise will have dark pixels in bright regions and bright pixels in dark 
regions [6]. This type of noise can be caused by dead pixels, analog-to-digital converter errors, bit errors in 
transmission, etc. This can be eliminated in large part by using dark frame subtraction and by interpolating around 
dark/bright pixels. 
 
2.3 Poisson noise 
 

Poisson noise or shot noise is a type of electronic noise that occurs when the finite number of particles that 
carry energy, such as electrons in an electronic circuit or photons in an optical device, is small enough to give rise to 
detectable statistical fluctuations in a measurement [6]. 
 
2.4 Speckle noise 
 

Speckle noise is a granular noise that inherently exists in and degrades the quality of the active radar and 
synthetic aperture radar (SAR) images. Speckle noise in conventional radar results from random fluctuations in the 
return signal from an object that is no bigger than a single image-processing element. It increases the mean grey 
level of a local area. Speckle noise in SAR is generally more serious, causing difficulties for image interpretation. It 
is caused by coherent processing of backscattered signals from multiple distributed targets. In SAR oceanography 
[6], for example, speckle noise is caused by signals from elementary scatters, the gravity-capillary ripples, and 
manifests as a pedestal image, beneath the image of the sea waves. 
 

Non-local means filter is an algorithm in image processing for image denoising. Unlike other local 
smoothing filters, non-local means filter averages all observed pixels to recover a single pixel. The weight of each 
pixel depends on the distance between its intensity grey level vector and that of the target pixel. Non-local means 
algorithm was published by Antoni Buades, et al [21].  

Suppose  is the area of an image ,  is the location inside ,  and  are the clean and 
observed noisy image value at location  respectively. Then the non-local means algorithm can be defined as 

 

Where  is a Gaussian function with standard deviation , 
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and  is the filtering parameter. 

 

2.5 Algorithm 

If image  is discrete, the non-local means algorithm can be represented as 

 

 

Where the weight  depends on the distance between observed gray level vectors at points  and . Such 
distance can be represented as 

 

 

So the weight can be defined as 

 

 

 

Where Z(i) is the normalizing factor and the parameter h controls the decay of the exponential function and therefore 
the decay of the weights as a function of the Euclidean distances. 
 
 

3. Proposed Criterion for Parameter Selection 
 

In image denoising algorithms with additive noise, the input image is assumed to be the summation of 
original image and an additive random noise. An important knowledge which is used in the proposed criterion is the 
independency of these two signals (the original image and the additive noise). Here, the aim of denoising algorithms 
is to remove the parasitic noise. In fact, the difference between the input and the output of the denoising stage is the 
estimated noise which has been removed (see Figure 1). 
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Figure1: Estimating Noise in Image 
 

Therefore, the distribution of the estimated noise should approach that of the additive noise. The estimated 
noise for image denoising with two distinct parameter sets is shown in Figure 2. In this figure, the estimated noise is 
exaggerated to be shown clearly. It could be seen that there is a large similarity between the estimated noise and the 
original image, but this similarity in Figure 2(f) is less than that in Figure 2(e). It means that for an optimum image 
denoising algorithm, the correlation between the estimated noise and the output image which is an expectation of the 
original image should be minimized. 
 

 
 
Figure2: Form left to right and top to bottom: (a) Original image(Lena), (b) noisy image (AWGN, sigma=15), (c) 
blurred denoised image, (d) denoised image using proper parameters, (e) estimated noise of (c), (f) estimated noise 
of (d). 
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This result is in agreement with the assumption of independency between the original image and the 

additive noise. Now, the correlation for each parameter set can be computed. Consequently, by minimizing that, the 
best parameter set for the denoising algorithm can be found. As we know, because the human visualize system is 
more sensitive to the edges, the blurring effect will be perceived obviously. In this research, in order to adapt to the 
human visualize system, the criterion is altered. As can be seen in 
Figure 2, the edge points can be found in the estimated noise. Therefore, the correlation between the estimated noise 
and the edge map of the output image is used. Because the output image for some parameter sets has high amount of 
noise, the edge map should be extracted using a robust edge detection method; thus, here, Canny edge detector is 
used [5]. Then, the following value should be minimized. 
 

C =�Correlation(Estimated noise , output image edge) 
 

With weak denoising parameters, the estimated noise approaches to a zero field and makes the correlation 
to have a low value. Consequently, the minimum correlation will be found for the weak denoising parameters. In 
order to suppress this defect, the estimated noise energy is used in the proposed criterion. The final criterion can be 
written as follows: 
 

                                      C1=  
����������	(��������	�����,������	����	����)

���	(�	���	����	�	�������������	�����	�	����)
 

 
  The minimum of this criterion is found for the optimum parameters set. Some optimization methods like 

the genetic algorithms can be used to achieve the minimum, yet in this paper, showing the performance of the 
proposed criterion is the final goal; consequently, finding the minimum is performed using a simple method, i.e. 
cross validation. This criterion is computed for some parameter sets which are predefined multiplications of the 
parameter set of the MAD method, described in the next section, and the minimum value is chosen. 
 
 
4. Experimental results 
 

The NL-means algorithm chooses for each pixel a different average configuration adapted to the image. As 
we explained in the previous sections, for a given pixel i, we take into account the similarity between the 
neighborhood configuration of i and all the pixels of the image. The similarity between pixels is measured as a 
decreasing function of the Euclidean distance of the similarity windows. Due to the fast decay of the exponential 
kernel, large Euclidean distances lead to nearly zero weights, acting as an automatic threshold. The decay of the 
exponential function and therefore the decay of the weights is controlled by the parameter h. Empirical 
experimentation shows that one can take a similarity window of size 7 X 7 or 9 X  9 for grey level images and 5 X 5 
or even 3 X 3 in color images with little noise. These window sizes have shown to be large enough to be robust to 
noise and at the same time to be able to take care of the details and fine structure. Smaller windows are not robust 
enough to noise. Notice that in the limit case, one can take the window reduced to a single pixel i and get therefore 
back to the Yaroslavsky neighborhood filter. We have seen experimentally that the filtering parameter h can take 
values between 10 * σ and 15 * σ, obtaining a high visual quality solution. In all experiments this parameter has 
been fixed to 12 * σ. For computational aspects, in the following experiments the average is not performed in the 
entire image. In practice, for each pixel p, we only consider a squared window centered in p and size 21 X 21 pixels.  
Due to the nature of the algorithm, the most favorable case for the NL-means is the periodic case. In this situation, 
for every pixel i of the image one can find a large 
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Figure3: NL-means denoising experiment with a nearly periodic image. Left: Noisy image with standard deviation 
30. Right: NL-means restored image. 

 
 

 
set of samples with a very similar configuration, leading to a noise reduction and a preservation of the original 
image, for an example. 
 
 

        
 
 

Figure4: NL-means denoising experiment with a Brodatz texture image. Left: Noisy image with standard deviation 30. Right: 
NL-means restored image. The Fourier transform of the noisy and restored images show how main features are preserved even at 

high frequencies. 
 
 
 
 
 
 
Examples with Original Image and NL Means Filtered Image followed by the Conclusion Table with the results 
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5. Conclusion Table 
 
 

Image       σ(tau) GF AF TV YNF EWF TIHWT NL-Means 

Boat                8 53 38 39 38 33 27 22 

Lena  20 120 115 114 125 105 80 67 

Barbara         25 220 217 189 179 112 130 70 

Baboon 35 507 420 360 385 398 360 294 
 
 
           Table 1: Comparison of results of Various filters when applied to images of Boat, Lena,  Barbara ,Baboon and Wall. 
  
 
 

6.  Scope for future work 
 

There are a couple of areas which we would like to improve on. One area is in improving the de-noising 
along the edges as the method we used did not perform so well along the edges. Another area of improvement would 
be to develop a better optimality criterion as the MSE is not always the best optimality criterion. The future work of 
research would be to implement Wiener Filter in Wavelet Domain, applying the methods in which the noise 
variance is known & in which the noise variance is unknown i.e. the MAD method. 
 

7.  References 
 

[1] L. Sendur and I. Selesnick, “Bivariate shrinkage with local variance estimation,” IEEE Signal          

       Processing Letters, vol. 9, pp. 438–441, 2002. 

[2] F. Luisier, T. Blu, and M. Unser, “A New SURE Approach to Image Denoising: Interscale  

Orthonormal Wavelet Thresholding,” IEEE Trans. Image Processing, vol. 16, no. 3, pp. 593–606,Mar.    

2007. 

[3] J. A. Guerrero-Colon, L. Mancera, and J. Portilla, “Image restoration using space-variant Gaussian   

       scale mixtures in over complete pyramids,” IEEE Trans. Image Proc., vol. 17, no. 1, pp. 27–41, 2008. 

[4] A. Buades, B. Coll, and J Morel. “A non-local algorithm for image denoising.” IEEE International  

       Conference on Computer Vision and Pattern Recognition, 2005. 

[5] W.Evans. Image Denoising with the Non-local Means Algorithm. Technical Report,2005.. 



Harvinder Singh, IJRIT   106 

 

[6] Charles Boncelet (2005).”Image Noise Models”. in Alan C. Bovik. Handbook of Image and Video         

       Processing. 

[7]  A. Efros and T. Leung. “Texture synthesis by nonparametric sampling.” In Proc. Int. Conf. Computer  

       Vision, volume 2, pages 1033-1038, 1999. 

[8] Mathworks .the Matlab image processing toolbox.    
       http://www.mathworks.com/access/helpdesk/help/toolbox/images/ 
 
[9]    H. Manjon Herrera, A Buades. Matlab Central – Non-Local Means filter.  

[10]  http://www.mathworks.com/matlabcentral/fileexchange/131 76 

[11] Awate, S.P., Whitaker, R.T.: Higher-order image statistics for unsupervised, information-theoretic,  

        adaptive, image filtering. CVPR'05, San Diego (2005) 

[12]  Azzabou, N., Paragios, N., Guichard, F.: Random walks, constrained multiple hypothesis and image  

         enhancement. ECCV'06, Graz (2006) 

[13] An Efficient Parameter Selection Criterion for Image Denoising , Hamed Pirsiavash1, Shohreh  

        Kasaei2, 1Multimedia Research Lab., Sharif University of Technology, Tehran, Iran81 

[14] N. Azzabou, N. Paragias, and G. F., “Image Denoising Based on Adapted Dictionary Computation,” in 

Proc. of IEEE International Conference on Image Processing (ICIP), San Antonio, Texas, USA, Sept.   

2007, pp. 109–112. 

[15] C. Kervrann, J. Boulanger, and P. Coupé, “Bayesian Non-Local Means Filter, Image Redundancy and     

Adaptive Dictionaries for Noise Removal,” in Proc. Int. Conf. on Scale Space and Variational    

Methods in Computer Visions (SSVM’07), Ischia, Italy, 2007, pp. 520–532. 

[16] A. Dauwe, B. Goossens, H. Luong, and W. Philips, “A Fast Non-Local Image Denoising Algorithm,”         

        in Proc. SPIE Electronic Imaging, vol. 6812, San José, USA, Jan 2008. 

[17] C. Kervrann and J. Boulanger, “Optimal spatial adaptation for patch-based image denoising,” IEEE  

        Trans. Image Processing, vol. 15, no. 10, pp. 2866– 2878, 2006. 

[18] T. Brox and D. Cremers, “Iterated Nonlocal Means for Texture Restoration,” in Proc. Int. Conf. on            

         Scale Space and VariationalMethods in Computer Visions (SSVM’07), vol. 4485. Ischia, Italy:  

         Springer, LNCS, 2007. 

[19] M. Mahmoudi and G. Sapiro, “Fast image and video denoising via nonlocal means of similar    

        neighborhoods,” IEEE Signal Processing Letters, vol. 12, no. 12, pp. 839–842, Dec. 2005. 

[20] J. Wang, Y. Guo, Y. Ying, Y. Liu, and Q. Peng, “Fast non-local algorithm for image denoising,” in  

        Proc. of IEEE International Conference on Image Processing (ICIP), 2006, pp. 1429–1432. 

[21] Image Denoising with the Non-local Means Algorithm Avindra Fernando University of Kansas        

        December 2010 


