
Image Denoising Using Contourlet Transform 

with Total Variation and Nonlocal Similarity 

Model 
1
Anandbabu Gopatoti and 

2
Kiran Kumar Gopathoti 

1
Department of Electronics and Communication Engineering, 

Aurora‟s Technological and Research Institute,  

Uppal, Hyderabad, India. 

anandbabuu.gopathoti@gmail.com 
2
Department of Electronics and Communication Engineering, 

Avanthi Institute of Engineering & Technology,  

Hyderabad, India. 

kirankumar.gopathoti@gmail.com 

 

Abstract 
To prevent the large amount of noise and stay at  the  clear cut edges of 

the image in the smaller lighting condition, we will invented a new 

denoising model based on the combination of total variation(TV)  and non 

local comparison in the  wavelet domain. TV denoising is an effective 

filtering method for recovering piecewise-constant signals. Denoising by 

minimizing the total variation yet staying close to the image.  Reduces the 

oscillatory part of the signal that contains mostly noise (but also texture 

and some small details). The non local similarity is used for the noise 

reduction. The proposed denoising model can remove the large amount of 

noise very effectively and preserve the details of images than several up to 

date methods.Finally the performance of the system proposed is enhanced 

with the help of contourlet transform. PSNR performance will show us that 

proposed contourlet method will give better results. 

Key Words:Piecewise-constant signals, contourlet transform total 

variation (TV) , non local comparison, Denoising. 
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1. Introduction 

Denoising goal is to regain an picture infected by way of noise. This problem is 

broadly studied in signal and photo processing literatures [1]-[3].It is crucial 

way to regain an image from the contaminated photograph is the total variation 

(TV) method [4] based at the gradient of an photo. But, the TV model 

frequently affords staircase, which degenerates the reconstruction quality of the 

photo [5]. The staircase regularly fits the excessive frequency components in the 

wavelet area that‟s why wavelet shrinkage method can comprise the staircase 

due to the TV model to some quantity. Then, the combination of wavelet and  

TV model is an effective way for picture de noising [6]–[12].But, most de 

noising  techniques rely upon anticipate-assure low noise stage, which is not 

actual in  practical applications since the heavy noise often appears with low 

mild(LL) condition[13],low dose computer tomography(CT) [14],sparse 

reconstruction[15],and so forth. The low dose CT can alleviate patient‟s 

radiation besides result in the excessive noise inside the CT picture. 

The sparse reconstruction of picture consequences in the heavy noise within the 

image. In a word, the heavy noise leads to low first-class of photograph 

denoising due to the fact maximum of the information of the photograph are lost 

or smoothed out in the manner of denoising. Therefore, the suppression of the 

heavy noise continues to be a mission for image denoising technique. 

Fig.1shows the curve so flogarithmic density (histogram) of a actual image‟s 

gradients. We can see that with the increase in noise widely known deviation, 

the distribution curves of photograph gradients alongside the horizontal axis are 

extended and the amplitude variety (histogram) of picture is shriveled along the 

vertical axis, which degrades the salient edges due to the reality the heavy noise 

deteriorates the edges and as a end result results within the low top signal-to-

noise ratio (PSNR) and structural similarity (SSIM) of the pictures. 

2. Literature Survey 

Yin Ding and Ivan W. Selesnick, [1]  This paper describes a sign denoising 

technique the usage of algorithm with a mixture of wavelet-domain sparsity and 

overall version(TV) regulation are surprisingly free of artifacts. Here this 

approach makes use of non-convex penalty features to strongly deliver out 

wavelet sparsity. At the identical time the non-convex penalty functions are 

decided on to attract the benefits of convex optimization. Finally, a sufficient 

algorithm is derived, that is computationally green and speedy denoising 

algorithm. 

Fei Wang, Yibin Wang, Meng Yang *, Xuetao Zhang and Nanning Zheng, [2] 

In this paper, we get the noise in a clustered pattern. To do away with this 

clustered noise and keep its very own shape records, we advanced a denoising 

technique. In this the picture is first off decomposed as one-of-a-kind non-over 

lapped patches. Based at the actual time structures, patches are divided into flat 
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patch and structured patch. For these  forms of patches,  denoising algorithms 

are designed.  

 

Fig. 1: Curves of the Gradient Density. Image Noise Extends the Gradients  

Distribution Curves and Impairs the Salient Edges via Mixing with the High  

Components of an Photo 

In first algorithm, we simulate a couple of comparable patches in a pseudo-time 

domain for each flat patch. Here by using averaging all simulated patches, the 

noise is eliminated. And in second set of rules, a shape-preserved sparse coding 

set of rules is designed for actual structure facts reconstruction. Based at the 

reconstruction of the patches, we generate a reconstructed photograph. Finally, 

by merging these types of generated images into one, we obtain a reconstructed 

photograph. In this manner a green denoising set of rules is generated. 

Pascal Getreuer [4] The most important hassle of removing noise from an image 

is Denoising. The maximum typically  studied case is with additive white 

Gaussian Noise (AWGN), Where the located noisy picture f is associated with 

the underlying authentic image u by f=u+ η, here η is the every point in space 

independently and identically allotted as a   Zero suggest Gaussian random 

variable. Rudin, Osher and Fatemi [9] for AWGN photo denoising we are the 

usage of a technique i.E., Total Variation (TV) Regularization. This method has 

been applied to a large number of other imaging issues. 

Bugra Tekin, Ulugbek S. Kamilov, Emrah Bostan, and Michael Unser[6] , Here 

we're using the steerable wavelet rework. This remodel is nothing however  a 

redundant image representation and has the super belongings that its basis 

capabilities may be adaptively rotated to a preferred orientation. This makes the 

remodel appropriate to the wavelet-based set of rules layout, which is relevant 

to photos with a high amount of directional features. In this paper, we decide 

that it's far viable to increase the performance of regularized least square issues 

by means of recognizing the redundancy of the coefficients inside the steerable 

wavelet domain. We demonstrate that our constant approach efficiently 

improves upon the overall performance of traditional denoising with steerable 

wavelets. 
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3. Proposed Work 

The objective equation for TV model is formulated as  

 

Where y is the noisy image, ϕ(x) is the some regularization function of the 

latent image x, and the parameter y is used to tune ϕ(x). Equation (1) is a TV 

model when ϕ(x)= . 

As shown in the fig.1, the heavy noise makes the edges of the image 

unintelligible and shrinks the amplitude range of the image. Here we are taking 

standard deviation „σ‟.  If noise standard deviation is above 0.12 then that 

denoising methods are invalid. For that, here we are considering the heavy noise 

with noise standard deviation of σ above 0.12. And we proposed a denoising 

model with a combination of TV model and nonlocal similarity in wavelet 

domain. The proposed denoising model enhances the edges under the heavy 

noise. Therefore the equation (1) can be changed to 

 

where x is  the  appraisal image with pixel size „X‟. W is the wavelet 

transform,and μ and λ are the parameters of nonlocal filter and TV regulization 

filter in the wavelet domain, respectively. The term ||∇W x||1 is defined as, 

 

For the simplification, the analysis model of x (eqn(2)) is change into the 

synthesis model formulated as follows:  

 

Where, s and z are coefficients of the wavelet, s=Wx, z=Wy. s Ω, where Ω is 

the wavelet domain support. The TV-wavelet regularization term ||∇s||1 

calculate the s gradients.  The NLM term J(s) can be expressed as, 

 

Where Rp(s) and Rq(s) are the two adjacent patches centered at pixels p and q 

respectively, with the same size of Np × Np (Np=5), and moves in a larger 

searching window Ωq of Nq×Nq(Nq=21) around Rp(s). To approximate the 

similarity between these  patches, here we're the use of weight characteristic 

ω(p,q). Through using the gradient information, the TV-wavelet regularization 

has the property of suppressing the heavy noise in the wavelet area. By adopting 

the structural similarity of the adjacent patches, the nonlocal similarity term J(s) 
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in wavelet area has the belongings of maintaining the information of salient 

edges. 

  Suppress the Heavy Noise with TV-wavelet Model   

In the traditional TV-primarily based denoising model, the brink info are 

destroyed due to the fact the gradients of the snap shots are contaminated by 

using the heavy noise. Therefore this method can't suppress the heavy noise 

correctly. In Fig.1, the light-colored inexperienced curve with the noise popular 

deviation of zero.2 has the narrowest amplitude variety, which leads to low 

quality of denoising. Here we are using the wavelet rework to extend the 

amplitude variety of the gradient of the wavelet coefficients   because wavelet 

filters the photograph and it enhances the photograph side statistics. To suppress 

the heavy noise, the TV-wavelet regularization time period uses the gradient 

facts of wavelet coefficients. Therefore, the TV-wavelet model is represented 

as, 

 

For  is not separable, it is replaced by d now, equation (6) becomes,  

 

 

Where, b is a variable related to the spilt bregman iteration, and γ is the penalty 

parameter and it is a positive constant tuning the TV wavelet variable s in the 

low and high-frequency component. By applying the spilt Bergman iteration to 

(7), we minimize either s or d while keeping the other variable fixed. Finally 

after iterated M times or come to the setting error value of ε1, the denoised 

image sM+1 is obtained. From the references in [26], we can get detailed steps. 

In the fig. 1, the curve in red colour is the denoised result of our model. This 

curve is already very close to the black curve which is the original image curve. 

This graph results our model is very effective in heavy noise denoising.     

 

Where split Bregman iteration having a related variable is b, for positive 

constant tuning  the TV wavelet using a penalty parameter γ and for low and 

high frequency variable component used a variable s. we reduce either d or s 

While keeping the another variable constant by applying the split Bregman 

iteration to (7). Finally,   is obtained after applying the iterated function M 

times or ε1 is the setting error value, where   is the denoised image. 

In Fig.1, The proposed model for denoised result is shown in red dashed curve. 

The red dashed curve is already very equal to the black curve (the original clear 

image), it can be observed in Fig.1. Which means our proposed Work will be 

produced accurate output for that denoising the heavy noise. A process of 

period is considered the number of experiments, For better Restoration results in 

heavy noise and edge preservation we will be used biorthogonal wavelet 
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function. The reason is that the biorthogonal Wavelet has the odd symmetry 

structures in decomposing and reconstructing wavelet function. For experiment 

we choose a wavelet is nothing but bior 3.7.is shown in figure 2.  

 

Fig. 2: Coefficients of the (a) Decomposing and (b) Reconstructing  

Wavelet Function of bior 3.7 

The amplitude difference of the maximum positive and negative peak amplitude 

is shown in Fig.2 (a), it can be represented in the maximal edge variation o the 

image. We compare the both sides of the peak, it will show small amplitudes, 

and then it contributes less to the edge variation When the Wavelet function 

convolves with the image. Therefore, the odd symmetry structure of the 

decomposing Wavelet function enhances the edges of the image, is shown in fig 

2(b). 

Ingrid Daubechies, one of the brightest stars within the international of wavelet 

studies, invented what are referred to as compactly supported orthonormal 

wavelets for this reason making discrete wavelet evaluation workable. 

 

Fig. 2: Coefficients of Wavelet Functions of bior 3.7 

The names of the Daubechies family wavelets are written dbN, in which N is 

the order, and db the “surname” of the wavelet. The db1 wavelet, as stated 

above, is the same as Haar wavelet. Here is the wavelet capabilities psi of the 
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next 9 individuals of the own family. 

 Enhance Edges with the Nonlocal TV-Wavelet Model 

From section III-A, we already observed that our proposed TV Wavelet Model 

can eliminate the Obtain salient edges and heavy noise. Even though , we can  

further improve the edges detain by providing NLM term J(s), the non local 

similarity defined in wavelet domain in the low frequency band of (4), to get the 

result of more distinct edges of images.  

We are using the non local similarity in wavelet domain rather than image 

domain because of non local similarity in wavelet domain can further preserve 

the detailed information after the heavy noise is suppressed. Here, we apply 

nonlocal similarity in the low frequency part of   and shrink the high 

frequency part to distinct the edge detail. Then, the nonlocal TV wavelet model 

is represented in   

 

We choose the wavelet low frequency of as the input image f of (10) and u 

as the wavelet low frequency of the image to be restored. Here, we use the 

nonlocal similarity in wavelet domain to denoise the image. Therefore, (9) can 

be expressed as 

 

Different with the standard TV norm u, here we adopt the nonlocal gradient ∇w 

u [21] 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Algorithm 1: 

same things are used with replacement of contourlet transform. 
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We solve (11) with the split Bregman iteration process as follows: 

 

By solving eq (14) is detailed in [21]. The overall proposed algorithm is shown 

in algorithm 1.in the initial step, λ and γ include two values, respectively. The 

first value is the parameter tuning the low frequency in the wavelet domain of Z 

and the second value tuning the high frequency. These parameters same for all 

the experiments. 

 Contourlet Transform 

It is widely known that many signal processing obligations, e.G. Compression, 

denoising, feature extraction and enhancement, gain particularly from having a 

parsimonious illustration of the sign handy. Do and Vetterli have conceived the 

Contourlet Transform (CT), which is one in every of several transforms evolved 

in recent years, aimed at improving the illustration sparsity of photographs over 

the Wavelet Transform (WT). The major function of these transforms is the 

capacity to effectively take care of 2-D singularities, i.E. Edges, unlike wavelets 

that can address point singularities exclusively.  

This difference is resulting from two main properties that the CT possess: 1) the 

directionality assets, i.E. Having basis features at many guidelines, as opposed 

to handiest 3 instructions of wavelets 2) the anisotropy belongings, meaning that 

the idea capabilities appear at various factor ratios (depending on the scale), 

while wavelets are separable features and consequently their aspect ratio equals 

to at least one. The primary advantage of the CT over other geometrically-

pushed representations, e.G. Curvelets, is its fairly simple and efficient wavelet-

like implementation the usage of iterative filter banks. Due to its structural 

resemblance with the wavelet transform, many photograph processing duties 

implemented on wavelets may be seamlessly tailored to contourlets. 

4. Result Analysis 

 

Fig. 3: Original Image 

International Journal of Pure and Applied Mathematics Special Issue

1436



Figure 3 shows the original image. This image is given as input to our proposed 

work. This original is get affected by the noise. And that noised image is shown 

in the below figure. 

 

Fig. 4: Noised Image 

Figure 4 shows the noised image. The original image get corrupted by the noise. 

In this we have to preserve the characteristics of the image. And for this image 

we apply DWT technique.  

 

Fig. 5: After Applying DWT a) Approximation Coefficients Matrix    

b) Horizontal c) Vertical d) Diagonal 

Figure 5 shows the images after applying DWT technique. After applying DWT 

technique we get approximation and detailed coefficients. Figure 5(a) shows the 

approximation coefficients matrix. In detailed coefficients, there are three types 

of components. They are horizontal, vertical and diagonal coefficients as shown 

in the figures 5(b), 5(c) and 5(d), respectively. 

 

Fig. 6: Noise Removed image by Wavelet based Technique 

After applying wavelet based technique, the noise is removed from the image 

which is corrupted. The filtering techniques used in this wavelet based 

technique removes the noise from the image. This noise removed image is 

shown in the above Fig 6. 
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Fig. 7: PSNR Analysis of Wavelet based Technique for Image Denoising 

Figure 7 shows the PSNR analysis for the proposed work. To get the efficiency 

of our proposed work, we are calculating PSNR values. 

 

Fig. 8: Denoised Image by Contourlet Transform 

Figure 8 shows the denoised image by using Contourlet transform. This 

transform is the extension of our proposed work. here the noise is removed 

efficiently when compared to our proposed work. 

 

Fig. 9: Comparative PSNR Analysis of Wavelet based and Contourlet based  

Technique for Image Denoising 
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Figure 10 gives the comparative PSNR analysis of wavelet based and contourlet 

based technique for image denoising. By this, we can notice contourlet based 

technique has more efficiency than wavelet based technique. 

5. Conclusion 

In this paper, we proposed a method for image denoising. Here we are using 

total variation and non local similarity models. By using these models based on 

the wavelet domain, suppressing the heavy noise and enhancing the edge details 

of images are done. The TV regularization in the wavelet domain effectively 

suppresses the heavy noise with the wavelet function. The nonlocal similarity 

regularization improves the fine image details. By this image is denoised. And 

in experimental results, PSNR and SSIM values are calculated. By getting 

PSNR and SSIM values, we conclude that our proposed method is efficient 

when compared to existing techniques. Finally the performance of the system 

proposed is enhanced with the help of contourlet transform. PSNR performance 

will show us that proposed contourlet method will give better results. 
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