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Abstract— Non local means that (NLM) filter exploits the 

self-prediction and self-similarities of the image to calculate 

the weighted average edge preservation however once the 

noise will increase, it may suffer from blurring and loss of 

refined structures and its edges. This article presents a mix 

of NLM and stationary wavelet remodel (SWT) with 

adaptive thresholding to get rid of high noise and preserve 

structural info of edges. The performance of the proposed 

methodology is compared with existing denoising 

techniques exploitation each traditional and bio metric 

pictures. The quantitative measures demonstrate that the 

performance of the proposed methodology is superior in 

noise removal and edge preservation of anatomical refined 

structures. 
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I. INTRODUCTION 

Image Processing is a technique to boost raw pictures 

received from cameras sensors which is placed on satellites, 

hyper spectral images and photos taken in traditional daily 

life or in numerous applications. Image acquisition and 

Processing is used in numerous applications such as: 

Medical Imaging Remote Sensing, Non-destructive 

Evaluation, Forensic Studies, and Printing Industry etc. In 

order to get rid of the noise, the sooner native mean 

denoising algorithmic program are performed.  This may 

have born seriously owing to increasing amplitude once 

recovery. Since the noise level is extremely high within the 

captured images, the accuracy suffer from important loss. 

BM3D is one of the methods that they utilize equivalent 

information for all quite howling. It leads to annoying 

artifacts and obtain the related to pictures as external dataset 

the image is captured by multi-read camera when discover 

solely the external association while not exploring internal 

correlations. 

Biometric noises are an outstanding imaging 

technique that provides precise illustration of the outside 

body tissues and organs within the chassis [1]. The visual 

quality and diagnostic capability of biometric-image-area-

unit is typically is degraded by noise throughout the phase 

of acquisition. Generally, noise in biometric noise is caused 

owing to multiple reasons like physiological method, 

artifacts and thermal noise from the scanned object. The 

noise restricts the reconstructed biometric pictures from 

transferal output. The visual perception of the scanned 

objects and impose limitations on laptop motor-assisted 

image analysis like segmentation and have extraction. 

Denoising is widely used to enhance the visual quality of 

biometric pictures for a lot of precise designation. 

Various techniques of denoising biometric pictures 

and adaptive anisotropic diffusion filters are projected. The 

drawback of that method is that iterate fine structures of the 

image and produce unnatural structures owing to 

heterogeneous edge improvement. Based on denoising 

technique many rework domain is primarily projected to 

suppress the noise. However, these methods suffer from a 

drawback which is not conserving delicate structure 

information and details in an image. 

The NLFMT observe the noise and preserve edge 

information by distinct ripping rework. Discrete rippling 

rework introduces Josiah Willard Gibbs development at 

delicate tissue edges. In this paper, the combination of NLM 

and SWT is presented to scale back Speckle noise and 

preserve tiny structural edge info. The application of SWT 

on residual image reduces the Gibbs development at delicate 

structures lead to higher reconstruction of biometric 

pictures. 

II. MATERIALS AND METHODS 

A. Non Local Means Filter 

The NLM filter developed by Buades et al.[20] relies on 

native pixels among little neighborhood pixels. The renewed 

intensity price of the picture element is calculated as the 

weighted average of all the picture element intensities 

among the image. Given a 2D image u = i ∈ I, the estimated 

price NLM (i) for a picture element i is calculated as a 

weighted average of all the pixels intensities u(j) in the 

image I is [7]: 
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where the weights w(i, j) evaluates the similarity 

between the intensities of local neighborhoods u(Ni) and 

u(Nj ) focused on pixels i and j, such that 0 ≤ w(i, j) ≤ one 1 

and pj w(i, j) = 1, where Nk denotes a sq. neighborhood of 

fastened size focused k. The similarity is measured as a 

decreasing function of the weighted euclidian distance, 

ku(Ni) − u(Nj )k 22,σ, where σ is the variance of the 

Speckle kernel. This distance is the L2-norm convolved with 

a Speckle kernel of ordinary deviation σ. The weights w(i, j) 

are computed as 
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where Z(i) is the normalizing constant 
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where the parameter h acts as a filtering parameter 

and controls the decay of the exponential function 

B. Stationary Wavelet Transform 

In this paper, the shift/translation invariant SWT is applied 

to decompose the noisy image into approximation and 

careful coefficients. The important tiny structural data in 

biometric pictures area unit is preserved by applying SWT 

on residual image. The wavelet is applied to capture 
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sharp/edge boundaries from the residual image [3]. Unlike 

the approximation coefficients, the detail coefficients carry 

edge information in massive magnitude. 

Therefore, the true detail coefficients are 

calculable, the exploitation soft thresholding technique with 

the brink worth of t = σn × a pair of log(n), where σn is the 

variance of the noise at level one and n is the length of the 

image. The neigh shrink thresholding technique is applied as 

it retains the subtle parts and its edges in comparison to 

Thomas Bayes shrink technique The proposed denoising 

methodology exploitation is the mix of NLM-SWT and 

Neigh shrink thresholding technique. Let where n × n be the 

input image. The input image is corrupted by high noise 

with standard deviation of σn. The noisy image is modelled 

as Yij = Xij + Nij. 

C. Proposed A-NLM based SWT filtering (A-NL-SWT) 

The proposed denoising technique mistreatment is the mix 

of NLM, SWT and Neigh shrink thresholding technique. 

when n × n be the input image. The input image is corrupted 

by Speckle noise with standard deviation of σn. The noisy 

image is sculptural as Yij = Xij + Nij . It removes the noise 

by down-sampling using certain decimated algorithm 

instead of up-sampling the filters by means of padding zeros 

between the filter coefficients. As the decimated algorithm, 

the filters are applied first to the rows and then to the 

columns. The undecimation is leveled using certain levels in 

a parallelepiped with spatial resolution thereby develops 

coarser structures at each higher level whereas the size 

remains the same. The 2D Stationary Wavelet Transform 

(SWT) is based on the idea of undecimation. Both down-

sampling in the forward and up-sampling in the inverse 

transform is omitted and applied by the Discrete Wavelet 

Transform (DWT). More precisely, to applies the transform 

at each point of the image and saves the detail coefficients 

which uses the low frequency information at each level. 

The steps involved in the planned rule are: 

Let Image (Xij) be the input Algorithm: 

1) Analyse for speckle noise (Nij ) in the input image(Xij). 

2) Create yeling input image (Yij) from the input image 

(Xij). 

3) Apply Non-local Mean process over the yelling input 

image (Yij). 

4) Rij = Xij – NLMij where Rij is the Residual Image, Xij 

is the actual input image, NLMij is the image applied 

with Non-local Mean filter. Rij is applied with 

Stationary Wavelet Transform. 

5) Apply soft threshold using mistreatment Neigh 

Shrinkage on every detailed sub band (Dij). 

6) Acquire new moving ridge coefficients (D1ij) by 

applying inverse SWT 

7) Obtain denoised image by summing up the NLM 

filtered image (NLMij ) and new  wavelet coefficients 

(D1ij ). 

III. ANALYSING PARAMETER 

A. PSNR 

The term PSNR is a ratio between the maximum possible 

power and the power of corrupting noise that affects the 

fidelity of its representation, In few cases, the reconstruction 

of higher quality may not indicate a higher PSNR. The 

choice is validity of the metric is enormously vigilant. 

The mathematical representation of the PSNR is as follows: 

PSNR = 20 log 10 (
𝑀𝐴𝑋

√𝑀𝑆𝐸
)                       (4) 

or 

PSNR (dB) = 10 log 10 (2552/MSE)        (4a) 

Peak Signal-to-Noise Equation 

B. MSE (Mean Squared Error) 

PSNR is most easily defined via the mean squared error 

(MSE). 

Where the MSE (Mean Squared Error) is: 

MSE =
1

𝑚𝑛
∑𝑚−1
0 ∑ ||f(i, j) − g(i, j)||𝑛−1

0   (5) 

or 

𝑀𝑆𝐸 =
∑ ∑ (𝑙(𝑚,𝑛)−𝑙(𝑚,𝑛)2)𝑛𝑚

𝑋×𝑌
      (5a) 

Mean Squared Error Equation 

This can also be represented in a text based format as: 

MSE = (1/(m*n))*sum(sum((f-g).^2)) 

PSNR = 20*log(max(max(f)))/((MSE)^0.5) 

Legend: 

f depicts the matrix data of the original image 

g represents the matrix data of the degraded image in 

question 

m project the numbers of rows of pixels of the images and i 

represents the index of the row. 

n represents the number of columns of pixels of the image 

and j represents the index of that column 

Which MAX is the maximum signal value that exists in the 

original “known to be good” image. 

C. SSIM The Structural Similarity 

The similarity between two images is measured by (SSIM) 

index  As a quality measure this viewed as one of the 

images  compared with the other image which is regarded as 

of perfect quality.  

𝑆𝑆𝐼𝑀 =
(2𝜇𝑎𝜇𝑏+𝐶1)(2𝜎𝑎𝑏+𝐶2)

(𝜇𝑎
2+𝜇𝑏

2+𝐶1)(𝜎𝑎
2+𝜎𝑏

2+𝐶2)
           (6) 

D. COC: Correlation coefficient 

A is a statistical measure of the degree which changes, the 

value of one variable predict change to the value of another. 

(r) =[ nΣxy – (Σx)(Σy) / Sqrt([nΣx2 – (Σx)2][nΣy2 – 

(Σy)2])]        (7) 

IV. RESULTS 

A. Implementations and Results 

1) Existing Method – NL-Mean Method 

Image PSNR MSE SSIM COC 

Barbara 37.9625 10.3951 0.962 0.9982 

Boat 36.9507 13.1222 0.938 0.997 

Bridge 35.244 19.4393 0.9659 0.9965 

Cameraman 37.716 11.0022 0.9577 0.9986 

Couple 37.0752 12.7515 0.9487 0.9968 

Flintstones 35.6621 17.6551 0.9528 0.9984 

Hill 35.7527 17.2907 0.9503 0.9964 

House 39.0332 8.1238 0.9519 0.9981 

Lena 38.3885 9.4239 0.9424 0.9979 

Man 37.3542 11.958 0.9501 0.9974 

Fingerprint 36.224 12.054 0.984 0.92 

Palm 38.483 8.1595 0.801 0.912 

Glaucoma 37.568 9.23 0.977 0.883 

Table 1: 
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2) Adaptive NL-SWT-Mean Method 

Image PSNR MSE SSIM COC 

Barbara 40.227 6.1714 0.932 0.9847 

Boat 39.7719 6.8532 0.9202 0.9765 

Bridge 39.144 7.9192 0.9124 0.9804 

Cameraman 40.1993 6.2108 0.9298 0.9895 

Couple 39.787 6.8293 0.9206 0.9741 

Flintstones 38.2064 9.8275 0.9152 0.9838 

Hill 39.9209 6.622 0.9214 0.982 

House 40.6343 5.6188 0.9319 0.9835 

Lena 40.3152 6.0473 0.93 0.981 

Man 40.1022 6.00432 0.93 0.982 

Fingerprint 38.2375 9.7574 0.9075 0.9553 

Palm 41.2541 4.8716 0.9365 0.9881 

Glaucoma 40.5166 5.7732 0.9248 0.9228 

Table 2: 

   

   

   

   

 

 

 

Fig. 4.1: Output Denoised Images 

 
Fig. 4.2: PSNR Value 

 
Fig. 4.3: MSE Value 

 
Fig. 4.4: SSIM Value 

 
Fig. 4.5: COC Value 

The performance of denoising algorithm are done with 

traditional and biometric pictures. To access the stability of 

the varied denoising methods, the Speckle noise of wide 

range (10% to five hundredth of most intensity) were 

thought-about within the experiments. The visual 

comparison of T1-weighted image with 10% of Speckle 

noise is represented in the input images and for outer part 

with half-hour of Speckle noise is represented in output 

image. As can be found in Fig.4.1 the projected NLSWT 

methodology is better compared to the other approaches 

used in noise removal and edge preservation. While NLM 

filters preserve refined components, it excessively smoothen 

the perimeters and consequently reduces the distinction 

between the edges of refined structures. On the other hand, 

with A-NL-SWT utilizing Neigh Shrink, the edges square 

measure much preserved and therefore the contrasts between 

the structures are to boot protected well. As the level of 



An Adaptive Non-Local Mean Filtering for Image Denoising 

 (IJSRD/Vol. 5/Issue 02/2017/217) 

 

 All rights reserved by www.ijsrd.com 811 

noise increases, the execution of A-NL-SWT shows 

significant improvement once compared to alternative 

denoising techniques. This can be armed by confirming the 

plots for the values of PSNR, MSE, SSIM and COC 

obtained at various noise levels appeared in Fig. 4.2, 4.3, 

4.4, 4.5 The PSNR, MSE SSIM and COC value of varied 

denoising methodology is tabulated above. It is observed 

that the projected methodology outperform in noise removal 

and edge preservation of biometric image.  

V. CONCLUSION 

This article specifically underlines the combined effects of 

NLM and SWT. The utilization of SWT on the residual 

image eliminates higher order magnitude coefficient within 

the detail sub bands, thus protects the fine structures with its 

edges by reducing the discontinuities. Quantitative analysis 

like PSNR, MSE, SSIM and COC clearly visualizes that the 

proposed methodology outperform the alternative existing 

ways in noise removal and edge preservation of the real-

time image and biometric images. The proposed denoising 

methodology improves the image noise removal as well 

preserve the edges of the images.  
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