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Abstract— The image de-noising is one of the most widely
studied area in the field of image processing. There are
many ways (like communication channel, imperfect
sensors, interference etc.) by which the noise may affect the
image. Depending upon the nature of noise and the image
many techniques has been already proposed. However, it is
difficult for any technique to operate on wide of noises over
different kind of images (like SAR images, X-ray images,
Ultrasound images etc.). The best possible solution for
such cases is to use adaptive techniques. In this paper we
are presenting a multilevel wavelet decomposition based
adaptive thresholding technique which utilizes the
modified Particle Swarm Optimization (PSO) algorithm to
find out the optimal values for thresholds and level of
decompositions for given objective function. The
modification of PSO is done through random perturbation
in particle velocities which induces small randomness in
new particle position estimation. This randomness can
effectively increase the particle search space, which
ultimately provide a much better solution than the
conventional PSO. Finally, the proposed algorithm is
validated by testing it over different kind of images
corrupted by different values of noise.

Indexed  Terms- Image  De-noising,  Wavelet
Decomposition, Adaptive Thresholding, Particle Swarm
Optimization (PSO).

I INTRODUCTION

The recent development in digital imaging,
multimedia technology and social networking has
promoted the research in the field of image processing.
Including the many image processing applications,
such as compression, enhancement, and recognition,
the noise removal preprocessing functions are
essential in each application. It is the most common
and essential processing steps in imaging systems.
However, the image de-noising, is a tradeoff to be
found between noise reduction and preserving
important image details. To achieve a good tradeoff, a
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de-noising algorithm has to be capable to handle
image discontinuities. The wavelet decomposition
have the inherent characteristics which makes the
construction of such spatially adaptive algorithms
feasible. The wavelet transform arranges the essential
information contained by image pixels into a number
of bands called LL, LH, HL and HH. These
coefficients can be further refined into different
resolution scales. Because to such properties, the
additive Gaussian noise can be effectively removed
even by simple thresholding and shrinkage of the
wavelet coefficients. In this paper, we further extend
the adaptive thresholding approach. The main
improvements are (1) sub-division of the image into
smaller blocks which does not have too much pixel
variations. (2) A joint level of decomposition and
threshold search for each block and (3) a modified
PSO algorithm for searching the optimal values for
decomposition levels and thresholds. The paper is
organized as follows. In Section I, similar literatures
and concepts are briefly reviewed. A brief description
of wavelet decomposition and thresholding is
presented in Section 11, Section 1V discusses the PSO
and the modified PSO algorithm. The image quality
evaluation measures are presented in Section IV. The
proposed technique and its practical implementation is
described in Section V. The simulation results are
presented and discussed in Section VI. Finally,
concluding comments are given in Section VIII.

Il. LITERATURE REVIEW

A wide range of image de-noising algorithms are
based on the Discrete Wavelet Transform (DWT). In
[7] shows that additive white Gaussian noise can be
effectively removed even by simple thresholding of
the wavelet coefficients. Other relatively simple
shrinkage in presented in [2] which uses Bayes
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estimation assuming independent wavelet coefficients.
Wavelet based de-noising techniques using image
characteristics, inter-scale dependencies or intra-scale
(spatial) correlations between image wavelet
coefficients are presented respectively in [1][S][11].
Combined inter and intra-scale dependencies in a
decimated, orthonormal wavelet basis is presented in
[15] however it only sows minor improvement.
Although, in a non-decimated wavelet basis [17], this
technique gives a clear advantage in terms of
quantitative image quality measures as well as in
visual quality of the results. The technique presented
in [17] combines the inter-scale and intra-scale
dependencies. It uses the bi-level Markov Random
Field (MRF) model to encode prior information about
spatial clustering of wavelet coefficients. The inter-
scale dependencies are estimated through measure of
inter-scale ratios. The statistical properties of these
measures are conveyed through a conditional
probability density model, and combined with the
prior model to form a Bayesian network. Since the
conditional model from [17] is heuristic and
parameterized, which makes it very complex for its
practical implementation. Another Bayesian network-
based approach in presented in [23] which investigated
the statistical characterization of interscale ratios of
wavelet coefficients, and different local criteria for
distinguishing useful coefficients from noise are
evaluated; after that a joint conditional model is
introduced, and finally anisotropic Markov Random
Field prior model used to de-noise the image. In [11]
[12] a modified approach to [17] is presented. The
authors in [11] and [12] did not used inter-scale
statistics, but instead used the magnitude of wavelet
coefficient as its significance estimate. The low
complexity wavelet transform based image de-noising
is proposed in [21] their model is inspired by simple
wavelet image compression algorithm uses the
Estimation Quantization coder. The proposed model
assumes the wavelet image coefficients distribution as
zero mean Gaussian with high local correlation.
Assuming a marginal prior distribution on wavelet
coefficients variances they try to estimate them using
an approximate Maximum A Posteriori Probability
rule. Finally an approximate Minimum Mean Squared
Error estimation procedure is applied to restore the
noisy wavelet image coefficients. Despite the
simplicity of the presented method, it achieves the
significantly good results. An  expectation—
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maximization (EM) algorithm in wavelet domain for
image restoration is presented in [22] the algorithm
achieves the regularization by promoting a
reconstruction with low complexity, wavelet
coefficients, taking advantage of the sparsity of
wavelet decomposition. The EM algorithm herein
proposed to solve the resulting criteria more accurately
then general approximation.

. WAVELET THRESHOLDING AND
THRESHOLD SELECTION

Let the signal be {f;,i,j = 1,2,3.....,N}, where N
can be integer power of 2, has been corrupted by
additive white Gaussian noise (AWGN) and one
observes
9ij = fij + €ijy i,j=123...,N. (1)

Where {e;;} are independent and identically
distributed (iid) as normal N (0, o) and independent
of {fu} The goal is to remove the noise, or “de-
noise” {g;;}, and to obtain an estimate{ﬁ-j} of {fi;}
which minimizes the mean squared error (MSE),

N
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Figure 1. Sub-bands of the 2-D orthogonal wavelet
transform.

Letg = {'gij}i,j'f = {fif}i,j’ and e = {Eij}i,j; that is,
the boldfaced letters will denote the matrix
representation of the signals under consideration. Let
Y = wg denote the matrix of wavelet coefficients
of g, where wis the two-dimensional dyadic
orthogonal wavelet transform operator, and similarly
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= wf andV = we. The readers are referred to
references such as [23], [31] for details of the two-
dimensional orthogonal wavelet transform. It is
convenient to label the sub-bands of the transform as
in Fig. 1. The sub-bands HH,, HLy,LH,, k =
1,2,3, ..., ] are called the details, where k is the scale,
with J being the largest (or coarsest) scale in the
decomposition, and a sub-band at scale k has size N/
2K x N/2¥. The sub-band LL; is the low-resolution
residual, and ] is typically chosen large enough such
that ;V—] &« N and ;V—] > 1. Note that since the transform

is orthogonal, {V;;} are also iid N(0, o%).

The wavelet thresholding de-noising method filters
each coefficient Y;; from the detail subbands with a
threshold function (to be explained shortly) to obtain
X; ; (estimated de-noised coefficients). The de-noised

estimate is then f = w™1X, where w1 is the inverse
wavelet transform operator. There are two
thresholding methods frequently used.
The soft-threshold function (also called the shrinkage
function)
nr(x) = sgn(x) - Max(|x|
—T,0) 3)
Takes the argument and shrinks it toward zero by the
threshold T. The other popular alternative is the hard-
threshold function
Yr(x) =x- x| > T} 4)
Which keeps the input if it is larger than the
threshold T ; otherwise, it is set to zero.

The wavelet thresholding procedure removes noise by
thresholding only the wavelet coefficients of the detail
sub-bands, while keeping the low-resolution
coefficients unaltered. The soft-thresholding rule is
chosen over hard-thresholding for several reasons.
First, soft-thresholding has been shown to achieve
near-optimal mini-max rate over a large range of
Besovspaces [12], [14]. Second, for the generalized
Gaussian prior assumed in this work, the optimal soft-
thresholding estimator yields a smaller risk than the
optimal hard-thresholding estimator. Lastly, in
practice, the soft-thresholding method yields more
visually pleasant images over hard-thresholding
because the latter is discontinuous and yields abrupt
artifacts in the recovered images, especially when the
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noise energy is significant. In what follows, soft-
thresholding will be the primary focus.

While the idea of thresholding is simple and effective,
finding a good threshold is not an easy task. For one-
dimensional (1-D) deterministic signal of length M,
Donoho and Johnstone [14] proposed for VisuShrink
the universal threshold,T;, = o./2logM, which results
in an estimate asymptotically optimal in the minimax
sense (minimizing the maximum error over all
possible -sample signals). One other notable threshold
is the SURE threshold [15], derived from minimizing
Stein’s unbiased risk estimate [30] when soft-
thresholding is used. The SureShrink method is a
hybrid of the universal and the SURE threshold, with
the choice being dependent on the energy of the
particular subband [15]. The SURE threshold is data-
driven, does not depend on explicitly, and SureShrink
estimates it in a subband-adaptive manner. Moreover,
SureShrink has yielded good image de-noising
performance and comes close to the true minimum
MSE of the optimal soft-threshold estimator (cf. [4],
[12]), and thus will be the main comparison to our
proposed method.

IV.  PSO AND THE MODIFIED PSO
ALGORITHM

4.1 Standard PSO Algorithm

The PSO algorithm is inspired by the natural swarm
behavior of birds and fish. It was introduced by
Eberhart and Kennedy in 1995. In PSO each particle
in the population represents a possible solution of the
optimization problem, which is defined by its
objective/cost/fitness function. In each iteration, a new
position of particles are calculated based on its last
location and velocity.

Initially, the PSO algorithm deploy the particles
randomly within the search space, then it simply uses
the objective function to estimate the fitness of each
particle (solution). Each particle maintains its position,
fitness, velocity, and the best fitness value it has
achieved also known as particle best or individual best
solution. Finally, the PSO algorithm estimates the
global best solution (particle position which gives
minimum/maximum fitness value among all particles
in the swarm).
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The PSO algorithm can be explained in following
steps:
Step 1: Let the position and velocity of particles at k"
iteration is given by

P* = {pf,p5, D5, .. PN}

VE = {vk, vk, vk, . 0K}
Where N shows the number of particles.
Step 2: Then fitness of each particle at k" iteration

F¥ = {fl, fX e i)
fik = funobjective (xlk)

Step 3: calculate the particle best (P, ) and global
best (GLes; ) as follows:

k _ k k k

Pbest - {pbest,l' pbest,z' Trrorrr e neny pbest,N}
k — : 0 1 k

pbest,i = min {pbest,i' pbest,i' ------ ’ pbest,i}

Gk = mi A R A S S 5 ,
best — MIN k rk k )
iS5 far e fu
i=123..,N.

Step 4: Update velocity and position of each particle
Vzk =wh T« Vzk_l tc 'Ti(pge;slt,i - xik_l) tc

13 (Ghost — x£7)
Where w represents the inertia weight. While r; and
are the two uniformly distributed random numbers
having mean of 0 and variance of 1.

Step 5: Update inertia and positions of each particle

Kk _ ((Wstart - Wend) * k)
W = Wstart — iter:
max

xF=xf"1 + vk
The value of the inertial coefficient w4, and we,q4
are typically chosen between 0.8 and 1.2.

Step 6: Repeat the whole process till the stopping

criteria meets.

4.1 Modified PSO Algorithm

In the modified algorithm the calculation of inertia
component w* is modified by the following equation:
((Wstart - Wend) * k))

iteTmax

k _ pk
w* = R" x (Wstart -

Where R¥ is calculated as

R¥ = uR*¥"1(1 — R*"1),R* =0.63,u =4
Which represents the logistic map of degree 2, and
known for its complex, chaotic behavior from very
simple non-linear dynamical equations.
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The modification increases the particle search space,
which ultimately provide a much better solution than
the conventional PSO.

V. IMAGE QUALITY MEASURES

The image quality measures are very important factor
in this particular problem because this term is used as
fitness value in proposed algorithm. Hence if improper
measure is set then the possibility of finding good
results can greatly fade. Hence in this paper we prefer
the use of most common measure known as Mean
Squared Error (MSE), which is defined as:

1 v . 2
MSE = WZ Z(X(l,]) - Y@, )
i=1 j=1

Where M and N are rows and columns in image
respectively. X and Y represents the original and De-
noised images.

Another measure known as Peak Signal to Noise Ratio
(PSNR) could also be taken although it is derived
from MSE

2552
PSNR(dB) = 1010g10 W

However we prefer the MSE because it minimizes
with better quality and give a much larger scale
resolution.

VI. PROPOSED TECHNIQUE

Since the variables in sub-band adaptive thresholding
image de-noising problem are level of decompositions
and threshold for each block L =
{l, 1,15, .. ... 3, T ={ty, ty,t3, .. ... ty}, Where M is
total number of blocks. Hence the vector of a particle
is group of elements corresponding to[L,T].
Therefore, the position of any particle at iteration
kcan be represented as the vector pf=
(L6 1k, L Utk ek L th}  which  sets  the
dimention of the vector equal to 2M.
Now if the initial population of particle be N then the
complete set can be presented as:
P* = {p{, 05, p%, .- DN}
pk = {1k 0k, . Utk ek Lt
lmin < li{ = lmax’ fOT Vi, k
tmin < tF < tmax, for Vi k
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Where Lyin, tmin aNd Lyax tmaxe are the user defined
lower and upper bounds for level of decompositions
and threshold value.

Using the above mapping we can call the PSO
algorithm to find the best values for L and T as
follows:

VII.  SIMULATION RESULTS

In this section the following algorithms are tested over
different types of images as shown in figure 3,

e The Conventional Genetic Algorithm

e The Moadified PSO Algorithm

The simulation of all algorithms is performed using
MATLAB. The population size Np and maximum
iteration number iter,,, are set as 100 and 100,
respectively. wy,,, andw,,;, are set to 0.9 and 0.1
respectively because these values are widely accepted
and verified in solving various optimization problems.
The list of all values used for the system are shown in
the table below

Figure 4: images used as Watermark Homi Bhabha,
Airplane, Redfort and Bird.

CONCLUSION

This paper presents a Modified PSO based sub-band
multilevel adaptive thresholding technique for image
denoising. The proposed method exploits strength of
Wavelet domains transform and capability of MPSO
to obtain the good filtration results. The idea of
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searching of threshold wvalue in the different
decomposition component is based on the fact that
property of wavelet coefficients depends upon the
nature of image. Implementation results show that the
impact of is greatly reduced as compare to previous
method. Presented method is also tested for most of
the common images, and the simulation results show
that proposed method is more efficient and robust
compare to previous method.
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