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ABSTRACT 

In case of image dinoising, there has been a lot of research work dedicated. However, it becomes very important to develop new 

techniques for image denoising with the wide spread of image usage in many fields of our lives. The Synthetic-aperture radar 

(SAR) is a form of radar which is used to create images of an object, for instance a landscape which is there either in2D or 3D 

form. Factors like aliasing, shift variance, and improper directional selectivity’s   are the disadvantages of discrete wavelet 

transform (DWT). To overcome these problems, a dual tree complex wavelet transform (DTCWT) is used in our proposed 

denoising algorithm. 
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1. INTRODUCTION 

Though, the area of image improvement has been active since 

before digital images achieved a consumer status, its 

developing has never been halted. The present work brings 

about a fresh multi-resolution de-noising method, designed in 

order to represent an exact image quality problem that arises 

when using image enhancement algorithms which is based on 

random spray sampling [1].  While being acquaint with the 

common and typical problems of the other algorithm, the 

proposed approach can also be applied for other image 

enhancement methods that either introduce or increase the 

strength of noise. If an image is either free of noise or affected 

by noise of non-perceivable levels then it is said to be non –

enhanced image. The  discrete  wavelet  transform  (DWT) has 

got  a relative recent enhancement  that is the dual-tree 

complex wavelet transform (CWT) [5],possessing important  

additional  properties:  It  is  nearly shift invariant and 

directionally selective in two and higher dimensions. A good 

multi-resolution de-noising method has been provided by this 

method. 

The conventional discrete wavelet transform (DWT) is 

computationally inefficient in particular form as it exhibits 

only shift invariance when in its un-decimated form, it is 

implemented. The separable filters of DWT actually 

differentiate cannot between edge features on opposing 

diagonals as the directional selectivity of DWT is not so good.  

The favorable points of DTCWT are approximate shift 

invariance, in 2D better directional selectivity is also there and 

perfect reconstruction   is provided over the traditional discrete 

wavelet transform. The Human Visual System (HVS) has 

partially inspired random sprays [2].  In particular,  a  random  

spray  is  not  dissimilar  from the  distribution  of  photo  

receptors  in  the  retina,  although  the  underlying  

mechanisms  are  vastly  different.  It is because of the peaked  

nature  of  sprays,  a  common  impact  of  image  

enhancement  methods  that  uses  spray  sampling  is  the  

introduction  of  undesired  noise  in  the  output images.  The  
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magnitude  and  statistical  characteristics of said noise are not 

known exactly  because  they  depend  on  several  factors  

such  as content of an image, properties of spray  and 

parameters of an  algorithm[3]. Among image de-noising 

algorithms, multi-resolution methods have got a brief history.  

The magnitude reduction of the transform coefficients 

according to certain criteria can be done with the help of 

transform space coefficient shrinkage and some algorithm 

which are commonly used transforms for shrinkage-based 

noise reduction are the Wavelet Transform (WT) [6]. So,  de-

noising  can  be  captured by  shrinking  those  coefficients  

that  compromise  data  sparsely. That type of  process is 

usually  improved by an elaborate  statistical  analysis  of  the  

dependencies  between  coefficients  at  changing  scales[7]. 

Although it is effective, traditional multi-resolution methods  

are  designed  to  only  remove  one  particular  type  of noise. 

The remaining   paper can be organized as given below 

organized as follows. In Section II, the Dual-tree Complex 

Wavelet Transform is there, while in Section III the result is 

described for the image enhancement based on quality 

measure based on SSIM and PSN. Section IV then consists of 

the proposed de-noising algorithm. The experimental setup 

and results are presented in following Section, and some final 

conclusions. 

 

2. DUAL-TREE COMPLEX WAVELET 

TRANSFORM 

The  Discrete  Wavelet  Transform  (DWT)  is important one 

for all applications of digital image processing:  from  de-

noising  of  the  images  to pattern  recognition,  passing  

through  image encoding  and  more. 

Dual  Tree  Complex  Wavelet  Transform  (DTCWT),  a  

form  of  discrete  wavelet  transform  which  generates  

complex  coefficients  by  using  a  dual  tree  of  wavelet  

filters  to  obtain  their real and imaginary parts.  The dual tree 

implementation of a complex wavelet transforms (DTCWT), 

have the desirable properties of approximate shift invariance 

and good directional selectivity. For  many applications  in  

image  analysis  and  synthesis,  including de-noising,  de-

blurring,  super  resolution,  watermarking, segmentation and 

classification  these  properties  are  important . 

The  Discrete  Wavelet Transform  which  does  not  gives  the  

analysis  of data  orientation    because  it  has  a  phenomenon 

known as “checker board” pattern,  and the Discrete Wavelet 

Transform is not shift-invariant because of that reason  it less 

useful  for  methods  based  on  the  computation  of invariant  

features.  To  overcome  the  problems affected by  the  DWT  

concept of Steerable filters was  introduced  by  Freeman  and  

Adel  son  [8], this Steerable filters  can be used to decompose 

an image into a Steerable Pyramid Transform,  SPT[4] is the 

shift invariant  and  as  well  as  it  has  the  ability  to 

appropriately distinguish data orientations. SPT having the 

problems that the filter design can be difficult, complete 

reconstruction is not possible and computational efficiency can 

be a concern.    

After that the SPT was developed by involving the use of a 

Hilbert pair of filters to compute the energy response, has been 

experienced with the Complex Wavelet Transform. Similarly  

to  the SPT,  this  Complex Wavelet Transform  is  also  

effective,  since  it  can  be computed  through  separable  

filters,  but  it  still  lacks  the  Perfect  Reconstruction  

property. Therefore,  Kingsbury  also  introduced  the  Dual 

tree  Complex  Wavelet  Transform  (DTCWT),  it  has  the  

additional  characteristic  of  Perfect  Reconstruction  at  the  

cost  of  approximate  shift invariance. 

The key to obtain shift invariance from the dual tree structure 

lies in designing the filter delays at each stage, suppose we 

have two trees A and B, such  that  the  low  pass  filter  

outputs  in  tree  B  are sampled at points midway between the 

sampling points of the equivalent  filters  in  tree  A. 

The 2D Dual Tree Complex Wavelet Transform can be 

implemented using two distinct sets of separable 2D wavelet 

bases, as shown below: 

 

ψ1,1(x,y) = øh (x) ψh (y), ψ2,1(x,y) = øg (x) ψg (y), 

ψ1,2(x,y) = ψh (x) øh (y), ψ2,2(x,y) = ψg (x) øg (y), 

ψ1,3(x,y) = ψh (x) ψh (y), ψ2,3(x,y) = ψg (x) ψg (y)……(1) 

 

ψ3,1(x,y) = øg (x) ψh (y), ψ4,1(x,y) = øh (x) ψg (y), 

ψ3,2(x,y) = ψg (x) øh (y), ψ4,2(x,y) = ψh (x) øg (y), 

ψ3,3(x,y) = ψg (x) ψh (y), ψ4,3(x,y) = ψh (x) ψg (y)……(2) 

 

The relationship between wavelet filtershandgis shown below: 
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g0 (n) ≈ h0 (n – 1), for j = 1…….(3) 

g0 (n) ≈ h0 (n – 0.5), for j > 1……(4) 

 

Where j is the decomposition level.When combined, the bases 

give rise to two sets of real, two-dimensional, oriented 

wavelets. 

ψi(x,y) =   (ψ1,i(x,y) – ψ2,i(x,y))………(5) 

ψi + 3(x,y) =   (ψ1,i(x,y) + ψ2,i(x,y))………(6) 

ψi(x,y) =   (ψ3,i(x,y) + ψ4,i(x,y))………(7) 

ψi + 3(x,y) =   (ψ3,i(x,y) – ψ4,i(x,y))………(8) 

 

3. RESULT 

Performance evaluation is imminent, but we can state that the 

proposed noise reduction model performs as expected. The 

input image is Lena shown in Fig-1. 

 

 

Fig-1: Reference Image. 

 

Original noisy image (Fig-2) which is to be enhanced 

according to proposed DTCWT is considered to be either free 

of noise, or polluted by non perceivable noise. Due to such 

assumption, the input image contains the information needed 

for successful noise reduction.  

To at least provide a reasonable default value for J (the depth 

of the complex wavelet decomposition) test were performed. 

J was the user set parameter of the method, with reasonable 

bounds of Jmin = 1, Jmax = 3. 

 

 

 

 

Fig-2: Noisy Image. 

 

 

Fig-3: Dinoised Image with j=1. 
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Fig-3 illustrated the output of the proposed method. Iteration 

required for J=1 denoised image is 14 and whose PSNR value 

is 28.1793 and SSIM is 0.62905.   

Proposed noise reduction method also run with the value of J = 

3. Dinoised image is shown in Fig-4.   

 

Fig-4: Dinoised Image with j=3. 

 

Iteration required for J=3 denoised image is 12 and whose 

PSNR value is 27.7279  and SSIM value is  0.60924 

 

4. CONCLUSIONS 

The work presents a noise reduction method based on Dual 

Tree Complex Wavelet Transform.  The SSIM and PSNR 

based value is calculated for different Gaussian value as a 

quality measure. SSIM is designed to improve on traditional 

methods like peak signal-to-noise ratio (PSNR) and mean 

squared error (MSE), which have proven to be inconsistent 

with human eye perception. 
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