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Abstract: Efficient algorithm is proposed for removal of Additive White Gaussian Noise (AWGN) from 
natural images. The proposed algorithm (PDEBSF) consists of two stages, in first stage non linear fourth 
order partial differential equation is used to process the noisy image and in second stage bivariate shrinkage 
function is used to further process the output of first stage. The proposed algorithm provides better noise 
suppression with keeping minimum edge blurring as compared to other existing image denoising
techniques. Simulation & experimental results on benchmark test images demonstrate that the proposed 
algorithm attains competitive image denoising performances as compare to other state-of-the-art image 
denoising algorithms. The proposed algorithm is suitable for the highly corrupted images. 
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INTRODUCTION

Now-a-days an image is synonymous to digital
image and is very much essential for daily life
applications such as satellite television, medical
imaging (i.e. magnetic resonance imaging, ultrasound 
imaging, x-ray imaging), computer tomography etc. It 
is also essential for the researches in the areas of
science and technology such as geographical
information systems and astronomy. The digital images 
collected by different type of sensors are generally 
contaminated by different types of noises. Noises may 
be generated due to imperfect instruments used in 
image processing, during data acquisition process and 
interference, all of which can degrade the quality of 
images. Furthermore, noises can be introduced during 
data transmission and compression. Therefore it is
important to remove additive white Gaussian noise
from the image before some subsequent processing 
such as edge detection and image segmentation.

Image denoising is a very essential to improve the 
quality of image. During last one decade various image 
denoising schemes have been proposed by various 
researchers for the improvement of quality of image. 
The image denoising schemes such as smoothing filters 
and frequency domain denoising methods [1], wavelet 
based methods [2-18], curvelet based methods [19],
ridgelet based methods [20], sparse representation
method [21], K-SVD methods [22], shape-adaptive
transform [23], bilateral filtering [24, 25], non-local
mean based methods [26, 27], non local collaborative 
filtering [28], BiShrink [29, 30], SURE-LET[31],
BlockShrink [32], NeighShrink SURE [33], K-LLD

[34], LPG-PCA [35], NLM-SAP [36] and non-linear
fourth order partial differential equation [37, 38] are
some of the major methods used for noise removal. 
Revolution on modern digital imaging devices and their 
requirements for wide applications in our daily life
increases requirements of efficient denoising algorithm 
for higher image quality.

During last one decade, wavelet transform based 
algorithm is attracted very much because of effective 
removal of noise from digital images [2-18, 39]. The 
wavelet transform decomposes the input signal into 
multiple scales, which represent different time-
frequency components of the original signal. At each 
scale, some operations, such as thresholding [2, 3] and 
statistical modeling [6-8], can be performed to suppress 
noise. Denoising is accomplished by transforming back 
the processed wavelet coefficients into spatial domain. 
Late development of wavelet transform based image 
denoising includes ridgelet [20] and curvelet [19]
methods for line structure preservation. Although
wavelet transform has demonstrated its efficiency in 
denoising, it uses a fixed wavelet basis (with dilation 
and translation) to represent the image. For natural
images, however there is a rich amount of different 
local structural patterns, which cannot be well
represented by using only one fixed wavelet basis.
Therefore, wavelet transform based methods can
introduce many visual artifacts in the denoising output.

In order to overcome the drawback of wavelet 
transform based denoising algorithm, spatially adaptive 
Principal Component Analysis (PCA) based denoising 
scheme is proposed [40]. In this algorithm locally fitted 
basis  approach  is  adapted   to   transform  the  image.
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Sparse redundant representation and K-SVD based 
denoising algorithms are proposed [21, 22] for image 
denoising. These two methods are used for training a 
highly over-complete dictionary for improved image
denoising performance. Efficient denoising algorithm is 
proposed for effective image denoising [23]. This
algorithm is applied to a shape-adaptive Discrete
Cosine Transform (DCT) to the neighborhood, which 
results very sparse representation of the images and 
leads to effective denoising. All these methods show 
better denoising performance than the conventional
wavelet transform based image denoising algorithms. 
Some of the existing image denoising techniques given 
below have been implemented and its performances 
have been compared with the proposed algorithm.

BayesShrink [3]: The main objective of this
algorithm is to minimize the bayesian risk and hence its 
name, BayesShrink. Its denoising performance is poor 
in high density additive white gaussian noise.

BiShrink [29, 30]: This method is based on new 
non-gaussian bivariate distributions to model interscale 
dependencies. A nonlinear bivariate shrinkage function 
using the Maximum a Posteriori (MAP) estimator is 
derived. In a second paper, these authors have extended 
their approach by taking into account the intrascale 
variability of wavelet coefficients. Its denoising
performance is deteriorates in high density additive
white gaussian noise.

SURE-LET [31]: This method directly
parameterizes the denoising process as a sum of
elementary nonlinear processes with unknown weights. 
It need not hypothesize a statistical model for the
noiseless image while it minimizes an estimate of the 
mean squared error between the noiseless image and the 
denoised one by the Stein’s Unbiased Risk Estimate 
(SURE). Consequently, it computes the unknown
weights by solving a linear system of equations.

BlockShrink [32]: This method is completely based 
on data-driven block thresholding approach. The main 
advantage of this algorithm is easy to implement. It 
utilizes the pertinence of the neighbor wavelet
coefficients by using the block thresholding scheme. It 
can decide the optimal block size and threshold for 
every wavelet subband by minimizing SURE.

NeighShrink SURE [33]: This method is an
improved over Neigh Shrink, which can determine an 
optimal threshold and neighbouring window size for 
every subband by the SURE. Its denoising performance 
is considerably superior to NeighShrink and
outperforms SURE-LET. It is well known that
increasing the redundancy of wavelet transforms can 
significantly improve the denoising performances. 

K-LLD [34]: This method is patch-based locally 
adaptive denoising algorithm which is based on
clustering the  given noisy image into regions of similar 

geometric structure. In order to perform effectively it 
works in two phases, in first phase local weight
functions of clustering algorithm is derived from
steering kernel regression [41] and these weights are 
exceedingly informative and robust in conveying
reliable local structural information about the image 
even in the presence of significant amounts of noise and 
in second phase, they model each region (or cluster) 
which may not be spatially contiguous by learning a 
best basis describing the patches within that cluster 
using principal components analysis. This learned basis 
(or dictionary) is then employed to optimally estimate 
the underlying pixel values using a kernel regression 
framework. The main drawback of this algorithm is the 
processing time which is very large.

LPG-PCA [35]: This algorithm is two stage image 
denoising method, which is based on Principal
Component Analysis (PCA) and Local Pixel Grouping 
(LPG). For a better preservation of image local
structures, a pixel and its nearest neighbors are modeled 
as a vector variable, whose training samples are
selected from the local window by using block
matching based LPG. Such an LPG procedure
guarantees that only the sample blocks with similar
contents are used in the local statistics calculation for 
PCA transform estimation. Due to this local features of 
the image are well preserved after coefficient shrinkage 
in the PCA domain to remove the noise. The LPG-PCA
denoising procedure is iterated once more to further 
improve the denoising performance. The noise level is 
adaptively adjusted in the second iteration.

NLM-SAP [36]: In this algorithm the main idea is 
to replace the usual square patches used for comparing 
pixel neighborhoods with various shapes that can take 
advantage of the local geometry of the image. This 
method provides a fast algorithm to compute the Non 
local Means with arbitrary shapes. After that they 
consider local combinations of the estimators associated 
with various shapes by using SURE.

Although the above denoising techniques give a 
better performance in terms of AWGN noise removal, 
they still tend to remove details from the image or
retain too much AWGN noise in extremely high density 
of noise occurrence (i.e. noise variance ranging from 50 
to 80). This paper proposed an efficient algorithm for 
removal of high density additive white Gaussian noise, 
which results provides much better noise suppression 
with minimum edge blurring as compared to other
image denoising techniques for highly corrupted natural 
images.

The rest of the paper is structured as follows.
Section 2 briefly reviews the non-linear fourth order 
Partial Differential Equation (PDE). Section 3 presents 
the  proposed  algorithm  (PDEBSF) in detail. Section 4
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presents the simulation and experimental results and 
Section 5 concludes the paper.

FOURTH ORDER PDE

Non-linear fourth order Partial Differential
Equation (PDE) is comparatively a very good approach 
for effective image denoising. A number of non-linear
fourth order PDEs have been proposed in recent years 
for image denoising [37-40, 42, 43]. Although dis crete
implementation of these methods produces impressive 
results, very little is known about the mathematical
properties of the equations themselves. Indeed there are 
good reasons to consider fourth order equations. First, 
fourth order linear diffusion dampens oscillations at 
high frequencies (i.e. noise) much faster than second 
order diffusion. Second, there is a possibility of having 
schemes that include effects of curvature (i.e. the
second derivatives of the image) in the dynamics, thus 
creating a richer set of functional behaviors [37, 51]. 
The proposed model used the L2-curvature gradient
flow method [37]. The model is given in equation (1).

( )2 2 2u
c u u

t
δ  =−∇ ∇ ∇ δ

(1)

where ∇2u is the laplacian of the image u. Since the 
laplacian of an image at a pixel is zero if the image is 
planar in its neighborhood, the fourth order PDE
attempt to remove noise and preserve edges by
approximating an observed image with a piecewise
planar image. The desirable diffusion coefficient c(.)
should be such that equation (1) diffuses more in 
smooth areas and less around less intensity transitions, 
so that small variations in image intensity such as noise 
and unwanted texture are smoothed and edges are
preserved [51]. Another objective for the selection of 
c(.) is to incur backward diffusion around intensity 
transitions so that edges are sharpened and to assure 
forward diffusion in smooth areas for noise removal 
[44]. Here are some of the previously employed
diffusivity functions [45]:
Linear Diffusivity [46]: 
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Charbonnier Diffusivity [47]: 
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Perona-Malik Diffusivity [43]: 
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Weickert Diffusivity [48]: 
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TV Diffusivity [49]: 

1
c(s)

s
= (7)

BFB Diffusivity [50]: 

2

1
c(s)

s
= (8)

In the implementation of the proposed algorithm
we used Perona-Malik diffusivity function as shown in 
equation (4). The equation (1) was associated with the 
following energy functional

2ŵ(y) f(| u|)dxdy
Ω

= ∇∫
(9)

where O is the image support and ∇2 denotes Laplacian 
operator. Since f(|∇2u|) is an increasing function of
|∇2u| its global minimum is at |∇2u| = 0 Consequently, 
the global minimum of E(u) occurs when

2u 0 forall(x,y)∇ = ∈Ω (10)

A planar image obviously satisfies equation (10) 
[37], hence is a global minimum of E (u). Planar images 
are the only global minimum of E (u) if

''f (s) 0foralls 0≥ ≥ (11)

Because the cost functional E(u) is convex under 
this condition [37]. Therefore, the evolution of (1) is a 
process in which the image is smoothed more and more 
until it becomes a planar image. But in the case of 
second order anisotropic diffusion ƒ"(s) may not be 
greater than zero for all s and as a result the image is 
evolved towards a step image and that is why it suffers 
from blocky effects. So the image processed by fourth 
order PDEs will look less blocky than that processed by 
second order anisotropic diffusion. In fact this model 
still has several theoretical and practical difficulties. For 
instance, if the image is very noisy, the gradient ∇u will
be very large and as a result, the function c(.) will be 
close to zero at almost every point. Consequently, noise 
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will remain when we use the smoothing process
introduced by the above model. This can be reduced 
considerably by attaching a local adaptive image
denoising using bivariate shrinkage function at the end 
of the fourth order PDE model [51].

PROPOSED ALGORITHM

The proposed algorithm (PDEBSF) consists of two 
stages, in first stage non-linear fourth order partial
differential equation is used to process the noisy image 
and in second stage bivariate shrinkage function based 
image denoising algorithm is used to further process the 
output of first stage. In first phase, the discrete form of 
non-linear fourth order PDE described in equation (1) is 
as follows:

( )n 1 n 2 n
i , j i , j i,ju u t g+ = − ∆ ∇ (12)

n n n n n
i 1,j i 1,j i , j 1 i , j 1 i , j2 n

i , j 2

g g g g 4g
g

h
+ − + −+ + + −

∇ = (13)

( )n 2 n
i, j i , jg g u= ∇ (14)

n n n n n
i 1,j i 1,j i , j 1 i , j 1 i , j2 n

i , j 2

u u u u 4u
u

h
+ − + −+ + + −

∇ = (15)

∆t is the time step size and h is the space grid size. The 
fourth order diffusion [37] is derived from a variational 
formulation which is similar to the second order total 
variation method [52]. It is observed in [53] that the 
equation is linearly ill posed in the regions of high 
curvature. In second phase b ivariate shrinkage function 
based image local adaptive algorithm is used to further 
process the output of first phase [29, 30, 51]. This 
algorithm is combination with equation (12) to remove 
high density additive white Gaussian noise. The
proposed algorithm (PDEBSF) is defined as follows:

( )( )n 1 n 2 n
i, j i , j i , ju LLA u t g+ = − ∆ ∇ (16)

where LAA is local adaptive algorithm based on
bivariate shrinkage function.

The working of a local adaptive algorithm based on 
bivariate shrinkage function is as follows: The
denoising of image corrupted by additive independent 
white Gaussian noise with variance 2

nσ  will be
considered. Let w2k represent the parent of w1k (w2k is 
the wavelet coefficient at the same position as the kth 
wavelet coefficient w1k, but at the next coarser scale). 
We formulate the problem in wavelet domain as

1k 1k 1ky w n= +  and 2k 2k 2ky w n= +  to take into account 
the statistical dependencies between a coefficient and 
its  parent. y1k and y 2k are noisy observations of w1k and

Fig. 1: The MAP estimate w  is the point where the 
pdf has its peak

w2k and, n1k and n2k are noise samples [54, 55]. We can 
write

k k ky w n , k 1.....no.ofwaveletcofficients= + = (17)

where wk= (w1k, w2k), yk = (y1k, y2k) and nk = (n1k, n2k).
From  this  point, the  coefficient  index  k will be 
omitted from the equations in order to improve the
readability of the equations. The standard Maximum a
Posteriori (MAP) estimator for w given the corrupted 
observation y  is

w y
w

ŵ(y) argmaxp (w y)= (18)

where “arg max” is the value of the argument where the 
function has its maximum. The probability density
function (pdf) pw|y(w|y) is the distribution of w given a 
specific value y and it is shown in Fig. 1.

To find the value of w where pw|y(w|y) has its peak, 
note that

w , y
w|y

y

p (w,y)
p ( w | y )

p (y )
=

(19)
and

w , y
y |w

w

p (w,y)
p ( y | w )

p (w)
=

(20)

So rearranging terms we get

y|w w
w|y

y

p (y|w)p (w)
p ( w | y )

p (y )
=

(21)

Equation (21) is Bayes rules. Therefore, one gets

y|w w

w y

p (y |w)p (w)
w argmax

p (y)

 
=  

  



(22)

In equation (22) the term py(y) does not depend on 
w, so the value of w that maximizes right-hand side is 
not influenced by the denominator. Therefore the MAP 
estimate of w is given by
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Fig. 2: The pdf, pn(n), of a zero-mean Gaussian
random variable

Fig. 3: The pdf, pn(y-2), of a Gaussian random variable 
with mean 2

{ }y|w w
w

w argmax p (y|w).p (w)=
(23)

The conditional pdf py|w(y|w) can be found by 
noting that given w, we have that y = w+n is the sum of 
w and a zero-mean Gaussian random variable. For
example, if n is a zero-mean Gaussian random variable, 
then its pdf will be centered around 0 and it is shown in 
Fig. 2 and 2 + n is a Gaussian random variable with 
mean 2 and the pdf will be centered around 2 and it is 
shown in Fig. 3. 

Similarly, if w is known, then w + n is a Gaussian 
random variable with mean w and the pdf will be
centered around w. Therefore, y = w+n is Gaussian 
with mean w. That is: 

y|w np ( y | w ) p (y w)= −

Therefore
y|w np (y |w ) p ( y w)= −

and the estimate can be written as:

n w
w

ŵ(y) argmax[p (y w).p (w)]= − (24)

Non-Gaussian bivariate probability distribution
function is proposed to model the statistics of wavelet 
coefficients of natural images [29, 30, 54, 55]. The
model captures the dependence between a wavelet 
coefficient and its parent. Using Bayesian estimation 
theory we derive from this model a simple non-linear
shrinkage function for wavelet denoising, which
generalizes the soft thresholding approach of Donoho 
and  Johnstone  [56].  The   shrinkage   function,  which
depends  on  both  the  coefficient  and its parent, yields 
improved   results  for  wavelet-based  image  denoising 

[29, 30]. The non-Gaussian bivariate pdf for the
coefficient and its parent is given as

2 2
w 1 22

3 3
p (w) .exp (w w )

2
 

= − +  πσ σ 
(25)

The marginal variance σ2 is also dependent on the 
coefficient index k. Using (25) with (24), the MAP
estimator of w1 is derived to be.

2
2 2 n
1 2

12 2
1 2

3(y y )
ŵ .y

(y y )

 σ+ − σ =
+

(26)

For this bivariate shrinkage function, the smaller 
the parent value the greater the shrinkage. This is 
consistent with other models, but here it is derived 
using a Bayesian estimation approach.

This estimator requires the prior knowledge of the 
noise variance 2

nσ and the marginal variance σ2 for each 
wavelet coefficient. In this algorithm, the marginal
variance for the kth coefficient will be estimated using 
neighboring coefficients in the region N(k). Here N(k) 
is defined as all coefficients within a square-shaped
window that is centered at the kth coefficient. In order 
to estimate the noise variance 2

nσ from the noisy 
wavelet coefficients, a robust median estimator is used 
from the finest scale wavelet coefficients [29, 30].

i2
n i

median(y )
, y subbandHH

0.6745
σ = ∈ (27)

Let us assume we are trying to estimate the
marginal variance σ2 for the kth wavelet coefficient. 
From above observation model, one gets 2 2 2

y nσ = σ + σ

where 2
yσ the marginal variance of noisy observations 

y1 and y2 is. Since y1 and y2 are modeled as zero mean, 
2
yσ  can be found empirically by

i

2 2
y i

y N ( k )

1
y

M ∈

σ = ∑ (28)

where M is the size of the neighborhood N(k). Then, σ
can be estimated as:

( )2 2
y nσ = σ + σ   (29)

When non-linear fourth order PDE is applied to 
images, the areas having small gradients are smoothed 
and which having large gradients (edges and noise if 
any) remain undiffused and the blocky effects can be 
avoided.   The    gradients   generated   by   noise can be
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subsequently removed by a local adaptive image
denoising using bivariate shrinkage function without 
affecting the image structure. However if the gradients 
are generated by edges, the local adaptive image
denoising using bivariate shrinkage function will not 
affect them. So as iteration continues, the non-linear
PDE removes the low level noise and subsequently the 
local adaptive image denoising using bivariate
shrinkage function removes the high level noise. The 
proposed algorithm preserves image quality much
better than the other methods [51].

SIMULATION & EXPERIMENTAL RESULTS

In order to demonstrates the performance of
proposed algorithm (PDEBSF). The 8-bit image of
dimensions MlxM2 (= 256x256) pixels is used for
simulations. The image is corrupted by adding additive 
white Gaussian noise with noise variance ranging from 
10 to 80. In order to judge the performance of the image 
denoising techniques Peak Signal to Noise Ratio
(PSNR) and Mean Squared Error (MSE) are the
automatic choice for the researchers. But a better PSNR 
does not imply that the visual quality of the image is 
good. In order to overcome this problem FSIM: A 
Feature Similarity Index for Image Quality Assessment
[57] is considered in this work as the second parameter 
for judging the quality of denoised images. The
superiority of different image denoising algorithm is 
demonstrated by conducting two experiments. The peak 
signal to noise ratio (PSNR) is defined in equation (30) 
and FSIM index for gray scale image as defined in 
equation (31) are the metrics used to compare the image 
denoising capability of 4thOrder PDE [37], BayesShrink 
[3], BiShrink [29, 30], SURE-LET [31], BlockShrink
[32], NeighShrink SURE [33], K-LLD [34], LPG-PCA
[35] and NLM-SAP [36] with proposed algorithm
(PDEBSF). The PSNR between the transformed output 
image u(i, j) and the original image f(i, j) of dimensions 
MlxM2 pixels is defined as:

2

10
255

PSNR 10 log
MSE

 
= ×  

 
(30)

Where ( )
1 2N N

2

i 1 j 11 2

1MSE u(i,j) f(i,j)
N N = =

= −
× ∑∑

The FSIM: A Feature Similarity Index for Image 
Quality  Assessment  index  for  gray  scale  image 
between  Original  (f)  and  Denoising  image  (u) is 
defined as follows:

S (X).PC (X)X mLFSIM
PC (X)X m

∑ ∈Ω=
∑ ∈Ω

(31)

where Ω  means the whole image spatial domain.

)

Where S S (X).S (X)L PC G
PC max(PC (X),PC (X)M 1 2

=

=

2PC (X).PC (X) T1 2 1S (X)PC 2 2PC (X) PC (X) T1 2 1
2G (X).G (X) T1 2 2S (X)G 2 2G (X) G (X) T1 2 2

+
=

+ +

+
=

+ +

PC1(X)-Phase Congruency (PC) of original image
PC2(X)-Phase Congruency (PC) of denoised image
G1(X)-Gradient Magnitude (GM) of original image
G2(X)-Gradient Magnitude (GM) of denoised image
T1-is a positive constant to increase the stability of SPC
T2-is a positive constant depending on the dynamic 
range of GM values.

Experiment 1: In this experiment Fruits and Lena
images are corrupted with different noise variance
ranging from 10 to 80. Various state-of-art image
denoising techniques such 4thOrder PDE [37],
BayesShrink [3], BiShrink [29, 30], SURE-LET [31],
BlockShrink [32], NeighShrink SURE [33], K-LLD
[34], LPG-PCA [35] and NLM-SAP [36] are used to 
compare the image denoising performance capability 
with proposed algorithm (PDEBSF). Peak signal to 
noise ratio (PSNR) and mean squared error (MSE) are 
obtained of various state-of-art image denoising
techniques for Fruits and Lena images are given in 
Table 1 and 2. It can be noticed from Table 1 and 2 that 
the proposed algorithm (PDEBSF) provides better
results as compared to others state-of-art image
denoising techniques and it is particularly effective for 
highly corrupted image (i.e. noise variance ranging 
from 50 to 80).

Experiment 2: In order to perform the superiority of 
proposed algorithm (PDEBSF) another experiment is 
conducted in which to visualize the subjective image 
enhancement performance, the enhanced Fruit and Lena 
images are compared with result of various state-of-art
image denoising techniques such 4thOrder PDE [37], 
BayesShrink [3], BiShrink [29, 30], SURE-LET [31],
BlockShrink [32], NeighShrink SURE [33], K-LLD
[34], LPG-PCA [35]and NLM-SAP [36] are compared 
with proposed algorithm(PDEBSF) which are shown 
from Fig. 4, 5 and Table 3 gives visual image quality 
measurement index parameter (i.e. FSIM) for all
algorithms. It can be noticed from Table 3 that FSIM 
index of proposed algorithm is superior as compared to 
other existing denoising techniques and it is particularly 
effective for highly corrupted image (i.e. noise variance 
ranging from 50 to 80).
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Table 1: Comparative PSNR (dB) value of different methods

Image

--------------------------------------------------------------------------------------------------------------------------------------------

4th Order Byes Bi Block Neigh SURE LPG NLM

Method PDE Shrink Shrink Shrink Shrink SURE -LET -PCA -SAP KLLD PDEBSF

Fruits 256X256 σ=10 29.32 33.67 34.05 33.87 33.05 34.36 35.52 34.81 35.26 34.36

σ=20 27.87 30.05 30.74 30.26 29.16 30.86 32.07 31.41 32.25 31.18

σ=30 25.23 27.96 28.81 28.10 27.06 28.81 29.75 29.01 29.90 29.26

σ=40 22.30 26.61 27.47 26.70 25.61 27.38 28.04 27.36 27.47 27.89

σ=50 19.74 25.49 26.45 25.50 24.50 26.30 26.75 26.13 24.92 26.84

σ=60 17.66 24.53 25.61 24.60 23.63 25.44 25.69 25.20 22.63 26.00

σ=70 15.99 23.79 24.91 23.89 22.93 24.74 24.85 24.46 20.66 25.30

σ=80 14.62 23.14 24.28 23.21 22.31 24.15 24.14 23.86 19.01 24.69

Lena 256X256 σ=10 26.64 31.18 32.78 3264 33.09 32.90 33.67 33.52 33.62 32.93

σ=20 25.79 28.02 28.92 28.63 29.15 28.99 29.75 30.07 30.22 29.13

σ=30 23.99 26.02 26.87 26.58 27.09 26.98 27.55 27.92 28.16 27.12

σ=40 21.66 24.82 25.56 25.18 25.73 25.66 26.04 26.36 26.05 25.82

σ=50 19.38 23.91 26.45 24.19 24.75 24.69 24.81 25.04 23.95 24.83

σ=60 17.42 23.21 23.78 23.40 23.96 23.94 23.89 24.05 21.91 24.08

σ=70 15.78 22.60 23.15 22.72 22.33 24.33 23.21 23.26 20.16 23.47

σ=80 14.43 22.04 22.63 22.12 22.76 22.81 22.24 22.21 18.74 22.96

Table 2: Comparative MSE value of different methods

Image

--------------------------------------------------------------------------------------------------------------------------------------------

4thOrder Byes Bi Block Neigh SURE LPG NLM

Method PDE Shrink Shrink Shrink Shrink SURE -LET PCA -SAP KLLD PDEBSF

Fruits 256X256 σ=10 76.02 27.92 25.60 26.62 32.20 23.79 18.21 21.50 19.39 23.82

σ=20 106.18 64.23 54.78 61.60 78.83 53.33 40.32 46.97 38.75 49.57

σ=30 195.16 104.11 85.50 101.00 127.70 85.61 68.83 81.61 66.58 77.06

σ=40 383.17 142.03 116.40 140.50 178.50 118.80 102.03 119.39 116.55 105.6

σ=50 690.35 183.67 147.00 181.90 228.20 152.40 137.87 158.34 209.61 134.55

σ=60 1113.53 229.18 178.00 224.60 281.80 185.70 175.21 196.47 355.21 163.22

σ=70 1637.32 271.67 209.00 264.90 331.20 218.30 212.77 232.76 558.35 191.96

σ=80 2243.94 315.73 242.00 309.97 281.50 250.10 250.18 267.57 816.37 220.89

Lena 256X256 σ=10 140.79 49.52 34.30 35.39 31.98 33.90 27.91 28.90 28.28 33.13

σ=20 171.45 102.58 83.40 88.99 79.91 89.97 68.86 64.02 61.79 79.40

σ=30 259.40 160.78 133.50 142.90 126.80 130.40 114.44 104.96 99.34 126.27

σ=40 443.87 214.46 180.70 198.60 173.50 176.70 161.70 150.37 161.34 170.33

σ=50 749.33 264.56 227.50 247.00 217.60 220.70 209.85 199.21 262.11 213.97

σ=60 1179.10 310.29 272.00 296.80 260.70 262.40 259.86 250.23 418.98 254.23

σ=70 1719.40 357.13 314.80 347.00 301.79 302.20 310.33 300.11 626.97 292.29

σ=80 2345.80 406.96 354.60 398.70 344.15 340.50 362.10 348.04 868.72 328.71
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Table 3: Comparative FSIM value of different methods 

Image
--------------------------------------------------------------------------------------------------------------------------------------------
4thOrder Byes Bi Block Neigh SURE LPG NLM

Method PDE Shrink Shrink Shrink Shrink SURE -LET -PCA -SAP KLLD PDEBSF

Fruits 256X256 σ=10 0.88 0.94 0.95 0.94 0.95 0.95 0.79 0.94 0.96 0.95
σ=20 0.89 0.90 0.91 0.90 0.91 0.91 0.77 0.91 0.93 0.92
σ=30 0.87 0.87 0.88 0.87 0.89 0.88 0.75 0.88 0.90 0.89
σ=40 0.80 0.84 0.86 0.84 0.87 0.86 0.74 0.85 0.86 0.87

σ=50 0.72 0.82 0.84 0.82 0.85 0.84 0.73 0.84 0.80 0.85
σ=60 0.64 0.80 0.83 0.81 0.83 0.83 0.71 0.82 0.73 0.84
σ=70 0.58 0.79 0.81 0.80 0.82 0.82 0.70 0.81 0.66 0.82

σ=80 0.52 0.77 0.80 0.78 0.81 0.81 0.70 0.80 0.60 0.81

Lena 256X256 σ=10 0.86 0.94 0.95 0.94 0.95 0.95 0.79 0.95 0.96 0.95
σ=20 0.87 0.89 0.91 0.89 0.91 0.90 0.77 0.91 0.93 0.92

σ=30 0.85 0.85 0.88 0.85 0.88 0.87 0.75 0.88 0.90 0.89
σ=40 0.80 0.82 0.85 0.83 0.85 0.84 0.74 0.86 0.85 0.86
σ=50 0.73 0.80 0.83 0.81 0.83 0.82 0.72 0.84 0.79 0.84
σ=60 0.66 0.79 0.82 0.80 0.81 0.81 0.71 0.82 0.72 0.83

σ=70 0.60 0.78 0.80 0.78 0.80 0.79 0.70 0.80 0.66 0.81
σ=80 0.55 0.76 0.79 0.77 0.78 0.78 0.69 0.79 0.61 0.80

Fig. 4: A. Original image Fig. 4: B. Noisy image (σ=60) Fig. 4: C. Output of 4th order PDE

Fig. 4: D. Output of ByesShrink Fig. 4: E. Output of BiShrink Fig. 4: F. Output of BlockShrink

Fig. 4: G. Output of NeighShrink SURE Fig. 4: H. Output of SURE-LET Fig. 4: I. Output of LPG PCA
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Fig. 4: J. Output of NLM-SAP Fig. 4: K. Output of KLLD Fig. 4: L. Output of PDEBSF

Fig. 5: A. Original image Fig. 5: B. Noisy image (σ=60) Fig. 5: C. Output of 4th order PDE

Fig. 5: D. Output of ByesShrink Fig. 5: E. Output of BiShrink Fig. 5: F. Output of BlockShrink

Fig. 5: G. Output of NeighShrink SURE Fig. 5: H. Output of SURE-LET Fig. 5: I. Output of LPG PCA

Fig. 5: J. Output of NLM-SAP Fig. 5: K. Output of KLLD Fig. 5: L. Output of PDEBSF
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CONCLUSION

In this paper the performance of proposed
algorithm has been compared with other existing image 
denoising techniques for image enhancement purpose. 
The proposed algorithm (PDEBSF) has shown its
superiority over other existing image denoising
algorithms for noise removal of gray scale digital
natural images corrupted by high density additive white 
Gaussian noise. This algorithm work consistently well 
in terms of noise suppression with keeping minimum
edge blurring and provided better FSIM index as
compared to other existing image denoising techniques. 
The proposed algorithm provided better performance in 
terms of high PSNR, reduced MSE and good FSIM for 
highly corrupted images. This is due to the fact that 
proposed algorithm takes advantages of both fourth 
order partial differential equation and bivariate
shrinkage function based image denoising algorithm. 
Further the results clearly reveal the overall superiority 
of proposed algorithm for highly corrupted images.
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