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Abstract- Image denoising plays a vital role in the field of image processing. Wavelet transform based denoising is a popular 
approach since last decade. In this paper, wavelet packet transform based Image denoising is evaluated. Evaluation is done on 
the basis of performance of wavelet packet thresholding algorithm for various noise levels of various noises and for db8 and 
haar wavelet. We propose that use of Median filter and Wiener filter after wavelet packet thresholding improves PSNR 
depending on the type of noise respectively. 
Experimental results for 256 X 256 gray images indicate that the packet thresholding algorithm is best suited for Poisson noise 
compared to Speckle, Gaussian, Salt and Pepper noise. Filtering after WPT improves performance of the algorithm but at the 
cost of computational complexity. Performance of the algorithm decreases as noise level increase. 
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I. INTRODUCTION 
 
Image noise is a random variation of brightness or 
color information in images. It can be introduced by 
the sensor and circuitry of a scanner or digital camera. 
Image noise is an undesirable by-product of image 
capture that adds spurious and extraneous information.  
Image noise is broadly classified into two categories 
viz. additive noise and multiplicative noise. The 
mathematical model for additive image noise is given 
in equation (1) as 
y(t) = x(t) + n(t)         …..(1) 
where, 
y (t)=noisy image, x(t)=original image, n(t)= image 
noise  
The mathematical model for multiplicative image 
noise is given in equation (2) as 
y(t) = x(t) ∗ n(t)         …..(2) 
  
Gaussian noise is an example of additive noise and 
Speckle noise is representative of multiplicative noise. 
Image denoising algorithms should able to distinguish 
between fine details, sharp edges, curves, singularity 
etc and noisy pixel irrespective of noise category. 
Donoho is pioneer of the wavelet based denoising 
scheme.  He has suggested image denoising using hard 
thresholding. In 1994, Donoho and Johnstone suggest 
‘Denoising by soft thresholding’. In 1995, R.R. 
Coifman and D.L. Donoho, pointed out, algorithm 
given in exhibits visual artifacts i.e. Gibbs phenomena 
in the neighborhood of discontinuities in the denoised 
image. Therefore, they propose a translation-invariant 
(TI) denoising scheme to suppress such artifacts by 
averaging over the denoised signals of all circular 
shifts. Tien D. Bui and Guangyi Chen, introduced 
‘Translation-Invariant Denoising Using 
Multiwavelets’ in 1998. Multiwavelets have been 
developed by using translates and dilates of more than 
one mother wavelet function. They are known to have 
several advantages over single wavelets such as short 

support, orthogonality, symmetry, and higher order of 
vanishing moments. In addition, Strela et al.  claimed 
that multiwavelet soft thresholding offers better results 
than the traditional single wavelet soft thresholding. 
Since single TI wavelet denoising also has better 
performance than the traditional single wavelet 
denoising. After that various approaches were 
introduced by authors for image denoising  based on 
influence of other wavelet coefficients on the current 
wavelet coefficient to be thresholded .Cai  and 
Sliverman proposed thresholding scheme based on 
neighbor coefficient  value. Chen and Bui [8] extended 
this idea for multiwavelet.  Sendure and Selnsnick 
proposed bivariate denoising shrinkage functions by 
considering parent –child dependency. It is indicated 
that the estimated wavelet coefficients depend up on 
the parent coefficients. Smaller the parent coefficients, 
the greater the shrinkage. Abdolhossein Fathi and 
Ahmad Reza Naghsh-Nilchi propose a statistically 
optimum adaptive wavelet packet (WP) thresholding 
function for image denoising based on the generalized 
Gaussian distribution. In the utilized thresholding 
function, which is based on a maximum a posteriori 
estimate, the modified version of dominant 
coefficients was estimated by optimal linear 
interpolation between each coefficient and the mean 
value of the corresponding subband.  
 
In the next section-II, we briefly review the wavelet 
theory and the concept of Wavelet Packet Transform 
(WPT).In Section III we will discuss image denoising 
using wavelet packet thresholding algorithm and 
proposed use of Median and Wiener filter. Section IV 
describes the experimental performance evaluation of 
algorithm. In Section V, we present the result and 
conclusion and future scope of the work. 
 
A. Continuous And Discrete Wavelet Transform 
 
Continuous Wavelet Transform (CWT) 
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The Fourier transform (series) is used to decompose 
signal into its global frequency components. But the 
Fourier transform is unable to pick out local frequency 
content.  The obvious solution to this problem is use a 
window. This windowed Fourier transform suffers 
from fixed resolution which is same at all frequencies 
and times. These resolutions are related by an 
uncertainty relation. 
In 1984 Morlet and Grossman used “Wavelet” word 
first time and designed Morlet wavelet. If any 
oscillatory function satisfies following two conditions 
then it is known as ‘wavelet’. 
∫ Ψ(t)dt = 0         ……(1)…[wave] 
 
∫ |Ψ(t)| dt = 0      …….(2)…[let] 
 
The kernel functions used in Wavelet transform are all 
obtained from one prototype function, by scaling and 
translating the prototype function. This prototype is 
called the mother wavelet. 
ψ ,   ( )

√
∗ ψ( )            .....(3) 

Where, a= Scale parameter b= Translation parameter 
and  
1/√a = Normalization factor to ensure that all wavelets 
have the same energy. 
The continuous wavelet transform is define as 
CWT( )(a, b) = W(a, b) =

√
∫ x(t).Ψ ∗( )  dt    

…..(4) 
 
The interpretation of equation (4) is that W(a, b) is the 
cross correlation of the signal x(t) with the mother 
wavelet at scale a, at the lag of b. If x (t) is similar to 
the mother wavelet at this scale and lag, then W(a, b) 
will be large. 
Discrete Wavelet Transform (DWT) 
Discrete wavelet function is define as 
ψ

,   ( )        ∗    
              .....(5)  

A common choice for a0 and b0 are a0 = 2 and b0 = 1, 
which lend themselves to dyadic sampling grid  
 
ψ ,   ( )     2 / ∗ ψ(2  t− k)      j, k ε Z         .....(6) 

 
Then, the discrete wavelet transform (DWT) pair can 
be given as  
 
W (j0, k) =

√
∑ f(n)φ , (n)           ..... (7) 

 
W (j, k) =

√
∑ f(n)ψ , (n)   for j ≥ jo   .....(8) 

Equation (7) is called approximation coefficients 
while equation (8) is called detailed coefficients. 
Discrete Wavelet Transform is calculated by filter 
approach suggested by Debauchees. Figure 1 indicates 
three level decomposition filter bank analysis diagram 
for discrete wavelet transform (DWT). 

 
B. Wavelet Packet Transform (WPT): 
In the orthogonal wavelet decomposition procedure, 
the generic step splits the approximation coefficients 
into two parts. After splitting we obtain a vector of 
approximation coefficients and a vector of detail 
coefficients, both at a coarser scale. The information 
lost between two successive approximations is 
captured in the detailed coefficients. Then the next 
step consists of splitting the new approximation 
coefficient vector. Successive details are never 
reanalyzed. 
 
But in many applications we may be interested in both 
the higher and the lower frequencies. One of the 
strengths of wavelets is to provide a method to 
selectively remove specific unwanted frequencies for 
a specified period of time. In audio and speech 
processing the highest frequencies usually represent 
noise and we often want to remove the noise. In image 
processing we are often more interested in the features 
of the image than in the high-frequency "haze". This is 
the rationale for decomposing only the 
lower-frequency Approximations. In other 
applications, however, we may be more interested in 
the high or the middle frequencies. For these 
applications we use the Wavelet Packet Transform 
(WPT). The Wavelet Packet transform is first 
introduced by Coifman and Wickerhauser. 
 
The WPT then is a variation of the DWT (or UDWT) 
that performs decomposition of both the 
Approximations and the Details. Figure 2 shows a 3 
level WPT based on the Conventional (decimated) 
DWT. 
 
In the corresponding wavelet packet situation, each 
detail coefficient vector is also decomposed into two 
parts using the same approach as in approximation 
vector splitting. This offers the richest analysis. The 
complete binary tree is produced in the 
one-dimensional case or a quaternary tree in the 
two-dimensional case.  
 
In WPT, the optimal representation basis of the input 
signal is selected by optimizing a function known as 
‘cost function’ in each sub band. The cost functions 
may determine the cost value from each node and its 
children in the obtained full binary tree. 
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II. ALGORITHM FOR IMAGE DENOISING 

USING WAVELET PACKET 
THRESHOLDING AND PROPOSED 
FILTERING: 

 
In this paper, Wavelet packet thresholding using 
filtering via Median and Wiener filter is proposed. The 
thresholding function, necessary in the enhancement 
or elimination of wavelet coefficients is obtained 
using Vishushrink thresholding. Here Shannon 
entropy cost function is considered for producing 
optimal wavelet basis of packet wavelet transform 
which is given below. 
SE(S) = −∑ S log (S )     …..(9) 
 In some applications noise variance is known or can 
be calculated on the basis of information other than 
noisy image. But if it is not known then we may 
estimate it by applying the robust median estimator on 
the HH1 subband coefficients as introduced by 
Donoho[3].Vishushrink Threshold is calculated  as 
follows: 
 
1. Estimate noise variance as follows 
          σ = [median(|HH1|)/0.6745]            …..(10) 
       
2. Vishushrink threshold is calculated as 
thr = σ ∗ 2 ∗ log(n)                        …..(11) 
            Where n= size of Noisy image 
 
Performance of algorithm is evaluated by quality 
measure PSNR (Peak Signal to Noise Ratio) which is 
calculated by using MSE (Mean Square Error) as 
below 
MSE =  1/MN∑ ∑ [x(i, j)− y(i, j)]       
…..(12) 
Where x (i, j) represents the original image and y(i , j) 
represents the denoised (modified) image and i and j 
are the pixel position of the M×N image. MSE is zero 
when 
 x(i, j) = y(i, j) . 
PSNR = 10log                                            
…..(13) 
PSNR is in db.  High value of PSNR indicates less 
error in recovered image.  

Figure3. shows the flow diagram of algorithm used for 
image denoising.  

 
Algorithm: 
1. Read  original input image 
2. Add noise and generate noisy image. 
3. Calculate Shannon Entropy cost function for 
optimal wavelet basis using equation no. (9). 
4. Take wavelet packet transform of the image. 
5. Calculate noise variance using equation no.(10) 
6.  Calculate threshold using equation (11). 
7. Apply threshold to every sub band except lower 
approximation coefficients. 
8. Take inverse Wavelet packet transform. 
9. Apply Median filter to reconstructed image and 
calculate PSNR using equation (12&13). 
10. Apply Wiener filter to reconstructed filter and 
calculate PSNR. 
11. Repeat the step from 2 to 10 for different types of 
noises. 
12. Repeat the procedure for Haar and db8 wavelet. 
13. Compare results and evaluate performance of 
Thresholding algorithm. 
14. Compare results and evaluate performance of 
Median and Wiener filter. 
 
III. EXPERIMENTAL RESULT 
 
In this paper, experiments are conducted on gray scale 
images of resolution 256x256 at eight different noise 
levels. (σ = .01,.02,.03,.04,.05,0.6,.07 and .08) Haar 
and db3 wavelets are applied for denoising 
respectively. Four different noise are added and PSNR 
and MSE values are calculated at different noise level 
by wavelet packet thresholding and Median and 
Wiener filtering and then comparison is made.It is 
clear from the tables below that db8 wavelet is better 
than haar wavelet for the purpose of denoising 
Gaussian noise and Speckle Noise where as Haar 
proves better performance for Salt and Pepper noise. 
For Poisson noise, sym8 wavelet gives maximum 
PSNR w.r. t. WPT but visible quality of image is poor 
where as db8 gives maximum PSNR and good visible 
image compare to haar and sym8 w.r t. filtering.  
Median filter works better performance for Salt and 
pepper noise when Haar wavelet is used where as 
performance of median filter (PSNR) degraded with 
db8 wavelet. Wiener filter work excellent for additive 
Gaussian noise, multiplicative Speckle noise and 
signal dependent Poisson noise.  
 
Following tables indicate observation tables. 
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Table –I :Gaussian Noise with Haar Wavelet 

 
 

Table –II :Gaussian Noise with db8 Wavelet 

 
 

Table –III :Salt ans Pepper Noise with Haar Wavelet 

 
 

Table –IV :Salt ans Pepper Noise with db8 Wavelet 

 
 

Table –V :Speckle  Noise with Haar Wavelet 

 
 

Table –VI :Speckle  Noise with db8 Wavelet 

 
 
Table –VII :Poisson   Noise with Haar  ,sym8 and db8 Wavelet 

 
 
IV. CONCLUSION AND FUTURE SCOPE 
  
A. Conclusion 
We have examined the issues associated with 
application of wavelet packet thresholding and its 
implementation using median and wiener filtering 

approach. The silent features of evaluation are as 
follows-  
Poisson Noise:  Over all PSNR is high for median 
filter if db8 wavelet is consider but visibly image has 
heavy blocky artrifacts at edges. Performance of 
wiener filter is better than median filter and WPT for 
haar and sym8 wavelet. 
Gaussian Noise: PSNR and visible quality of image is 
high for wiener filter if db8 wavelet is considered .Use 
of haar wavelet results into loss of edge information.  
Salt and Pepper Noise:  Haar wavelet is suitable for 
salt and pepper noise. It gives high PSNR and visible 
quality of image with median filtering. For db8 
wavelet, PSNR is high for wiener filtering but visible 
quality is poor. Haar wavelet based WPT has poor 
performance for salt and pepper noise compared with 
db8. 
Speckle noise: db8 wavelet is suitable for speckle 
noise.It perform best than haar wavelet w.r.t. visible 
quality and PSNR. Wiener filter perform better than 
median filter for speckle noise. 
WPT algorithm gives best PSNR for Poisson noise. 
Filtering after WPT reconstruction improves 
performance of the algorithm but at the cost of 
computational complexity. 
Performance of the algorithm decreases as noise level 
increases. 
 
B. Future Scope 
Image denoising needs accurate decision of noisy 
pixel and edge pixel which is based upon threshold 
value. Instead of using fixed threshold   we will work 
for adaptive threshold for wavelet packet transform in 
future.  
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Table –VIII   Result Images (for 0.01 variance noise) 

Noisy Image  
(σ    = 0.01  ) 

Db8 Wavelet Haar wavelet 
WPT     WPT+ Median  WPT+ Wiener WPT WPT+ Median   WPT+ Wiener 

 Gaussian noise  
 

PSNR= 23.6853 PSNR= 23.4795 PSNR= 23.8391 PSNR= 23.0880 PSNR= 23.1030 PSNR= 23.4549 

 

 

 

 

 

 

 

Speckle noise PSNR= 26.3188 PSNR=25.3538 PSNR=26.5657 PSNR=26.0472 PSNR=25.1350 PSNR=26.5024 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

Salt and Pepper  PSNR= 26.3741 PSNR=26.6994 PSNR=27.6656 
 

PSNR=24.9282 PSNR=26.9820 PSNR=25.5346 
 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

Poisson Noise PSNR=27.0744 PSNR=27.7553 PSNR=27.2677 PSNR=26.6273 PSNR=25.4251 PSNR=26.9571 
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Sym8 wavelet 

PSNR=27.3499 
 

 

PSNR=25.8927 
 

 

PSNR=27.5268 
 

 

 

 
 

 


