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Abstract

In this thesis, an improved wavelet-domain image denoising method using a new
adaptive center weighted median filter (ACWMF) with the minimum mean square
error (MMSE) estimator is proposed. The performance of an image denoising al-
gorithm using the MMSE estimator is highly dependent on the accuracy of signal
coefficients’ variance field estimation from the noisy wavelet coefficients. The pro-
posed ACWMF provides more accurate estimate of the variance field as compared
to existing methods, by re-calculating a coefficient variance from a preliminary
estimated one using an iterative smoothing process, for two reasons. First, in
the statistical modeling of the wavelet coefficients, the reported methods so far
neglects the effect of the high occurrence of very low magnitude coefficients in
the distribution. Second, most of the cases the variance fields are estimated ex-
ploiting the global characteristics of the image wavelet coefficients. Therefore,
the estimated variance field using the existing methods is not accurate enough
because of the mismatch between the local statistics and the assumed one.

In this work, it is demonstrated that a straight median smoothing to the noise
dominating low energy coefficients, and a new modified weighted median smooth-
ing derived from the local neighborhood to the signal dominating high energy
coeflicients, improve the accuracy of the preliminary estimated variance field ob-
tained from two popular recent methods. These two types of smoothing filter
are integrated into one, termed as the ACWMEF. As the smoothing process on
the variance field by the ACWMEF is different in noise and signal dominated win-
dow, an adaptation in accordance with the characteristics of the image coefficients
under smoothing is incorporated. Simulation results on a number of standard im-
ages show better performance both in visual quality and in terms of peak signal

to noise ratio (PSNR) as compared to other recent image denoising methods.
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Chapter 1

Introduction

1.1 Image Denoising: Background

Visual perception is the major source {about 85 percent) of total information
acquired by human [1]. In many cases images available to the users are in cor-
rupted form. Then image denoising algorithms are an important field of image
processing which has been widely studied and applied to many fields. In the
practical situation an image can be corrupted by noise during its acquisition, dig-
itization, transmission etc. Most in the cases imaging environment is not ideal.
For example the vibration of the imaging instrument, e.g. spinning and tumbling
of the space craft, modulation of the refractive index of the medium etc. cause
noisy version of the true image [2]. Degradation may also occur due to quantiza-
tion noise resulting from the digitization of the recorded images on photographic
film [3]. Image may also be corrupted by the external spurious signal during
its transmission. The aim of image enhancement by denoising is to remove the
noise while retaining the important signal features as much as possible. Denois-
ing also improve the perceptual quality of the corrupted image. The important
applications of image denoising are in medical imagery, e.g. X-ray, magnetic res-
onance imagery (MRI), mammography, computer tomography, digital radiology,
astronomical imagery in the space probe, remote-sensing imagery, e.g. synthetic

aperture radar {SAR), weather survey, geological survey etc.

1.1.1 Image properties

The term image refers to a two dimensional intensity (it may be a light-intensity,

temperature-intensity, or any other signal-intensity) function denoted by f(z,y)




where the value of f at a spatial coordinate (z,y) gives the intensity of the image

at that point. Commonly the intensity is assumed to be light-intensity and simply

it is termed as brightness. As light is a form of energy, the value of f(z,y) is
finite. That means, the brightness value is limited within a range. For example,
for monochromatic images, the lowest value corresponds to black and the highest
value corresponds to white. The interval between these two values is called gray
scale and the brightness values bounded by these two limits are called gray levels.
For computer processing, the continuous image function f{z,y) is digitized and
it is denoted as f(¢,7). It is sampled into a matrix of X rows and Y columns
where the row and column indices (¢, j) identify a point in the digitized image
and the corresponding array value (which is an integer value assigned by image
quantization for that image sample) gives the brightness value at that point. The

elements of such matrix or array are called image pixels or shortly pels.

1.1.2 Image degradation model and definition of denoising

In image processing research group the term denoising means the retrieval of
the true image that is corrupted by something else as we call it noise. Noise
that corrupts the image may be signal dependent, or signal independent. If it
is uncorrelated to vhe signal, the degradation model can simply be represented
by a signal plus noise model. In most of the cases, the noise is assumed to be
white Gaussian noise. Then the linear degradation model in discrete form can be

written as
g(1,7) = F{i,4) + n(4,3) (L.1)

where f(4,7) is the true image, n(i,j) is the additive white Gaussian noise

(AWGN) and g(7,j) is the degraded version of the true image. For signal de-

pendent noise like Poisson, film-grain, speckle noise the degradation procedure
cannot be modeled as additive in nature. But with some modification as in [3], we
can re-model them as in Eqn. (1.1). Here we can show the re-modeling with some
common signal dependent noise. For a low light imaging system the photon noise
can be modeled as Poisson noise. If the observed image is §(i, 7), the degradation
model can be written as in Eqn. (1.1) with the modification ¢z, j) = §(4,5)/8
and noise being white Gaussian with a variance 0,%(3, j) = F{g(i,7)/6*}. Here

B is a factor of proportionality and E{-} denotes the statistical expectation op-



erator. When images recorded on a photographic film are digitized a noise called
film-grain noise corrupts the image. According to Froehlich ef. al. in {3], [10] the

corruption by film-grain noise can be modeled as

9(2,7) = f(i,7) + K{f (i, ) *wa (i, 5) + va(2, 5) (1.2)
with (7, j) and (4, 5) are the samples from two Gaussian distributed, totally
uncorrelated, zero-mean random processes with variances o;? and g2, respec-
tively. In Eqn. (1.2}, K is a proportionality factor and « is an exponent usually
having a value of 0.5. It can be easily shown as in [3] that the degradation by
film grain noise can be modeled as presented in Eqn. (1.1) modifying the noise
variance as 0,2(1, j) = K2E{g(i,j)}o1% + 022. Another type of noise encountered
in the practical imaging system is the speckle noise. It is generated when system
uses coherent radiation pattern like SAR, ultrasound, laser, sonar etc. The most

widely used model for speckle noise is multiplicative [3], {11] and is given by

9(1,3) = f{i, 7)uls, j) (1.3)

where (4, )} is a stationary noise uncorrelated with the image having a mean

% and a variance g,°.

Depending on the application, distribution of the noise
can be assumed Gaussian (for SAR images), exponential, Rayleigh etc. The
multiplicative model in Eqn. (1.3) can be converted to additive model as in Eqn.
(1.1), where n(i, 7) is zero-mean additive noise with variance given by

%ﬂ"z[”g(iaj) +my” (4, 7)) (1.4)

where v,(1, j) and m,?(i, j) being the variance and the mean, respectively of the

on2(i,7) =

noisy image at the point (7, j). Therefore, for most of the practical noise encoun-
tered by the image processing society can be either modeled or re-modeled as
additive noise. And for simplicity, we consider the synthetic noise be additive
white Gaussian noise.

The terminology image denoising can be mathematically interpreted as the max-
imum possible retrieval of f(z, 7) from the observed image g(7, j) without or using
only partial information about the noise. The denoised version of the degraded

-~

image is very often represented by f(i,j) where ‘=’ indicates an estimate. In
many image processing applications the objective of the denoising technique is to
minimize the mean square error (MSE) between the true and estimate image i.e.

to minimize £ = B{||f — f|[*}.



1.1.3 Literature review of the image denoising techniques

Images corrupted by noise can be denoised either in the pixel domain or in the
transform domain. Common image denoising filters in the pixel domain are mean
filter, median filter, Lee filter, Refined Lee filter, noise updating repeated wiener
filter (NURW), adaptive neighborhood mean and median filter, weighted median
filter etc. The mean filter smoothes the pixel data and it is a primitive one. The
median filter performs better than mean filter, since it has a better chance that
pixels those are not affected by noise will remain unaltered [4]. Lee filter estimate
the original image using linear minimum mean square error (LMMSE} criterion
assuming additive-noise model [5]. The Lee filter provides good noise attenuation
over uniform areas, but it yields poor performance near the edges. The refined
Lee filter improves its performance by self adjusting window on the basis of some
criteria of the data set inside the window (like variance, entropy etc.) [6]. The
NURW filter is nothing but the iterative application of the Lee filter, where in
each iteration noise variance is updated by using locally LMMSE criterion [7]. To
reduce blurring, filter having shape and size adaptive window is proposed in [3]
and the method is termed as adaptive neighborhood filtering (ANF). In the ANF
method, the window is grown around the seed pixel considering the local statis-
tics. This shape adapted denoising method suffers from severe computational
effort. Most of the linear filters in the literature encounter the blurring effect at
the edges. Recently a novel nonlinear filter termed as the weighted median filter
(8], [9] is used for image denoising. Since the difference of the data set inside the
window represents the edge information, a linear combination of weighted median
of the difference can improve the denoising performance [8]. In this case a major
problem is to determine the weighting function. The performance of iterative
median smoothing using Gaussian weighting function is described in some recent
image processing articles [9]. This iterative smoothing process also suffers from
huge computational burden.

To the signal processing community, a number of transform domains e.g. Fourier
transform domain, discrete cosine transform {DCT) domain, generalized lapped
orthogonal transform (GenLOT), wavelet domain, multiple-basis representation
(MBR) and so on are preferable to process digital data depending on the appli-

cation type [28]. The image denoising is not out of this territory. The choice of

~ ATy



transform depends on a number of factors e.g. computational complexity, coding
gain. Computational complexity is measured by the number of additions and
multiplications necessary to implement the transform. Coding gain is a mea-
surement that represents how well the transformation compacts the signal energy
into a small number of coefficients. The comparison of some common transforms
are available in [12], [16]. According to their study DCT shows a less computa-
tional complexity over wavelet transform. On the other hand wavelet is superior
than DCT in respect of coding gain. Moreover wavelet transform gives addi-
tional freedom to choose different kinds of wavelet filter, in contrast to the only
one in DCT. Due to high energy compaction efficiency of the wavelet transform,
it shows significant success in the field of image denoising in the recent years
(17]-{24]. Wavelet shrinkage method proposed by Donoho {17] is the pioneering
work for image denoising and image compression using the wavelet transform.
The described method in {17] provides a mini-max optimal solution. But many
image denoising techniques prefer MSE as denoising criterion. The method re-
ported in {19] is a spatially adaptive wavelet threshold (SAW'T) method that uses
MSE as a denoising performance index. The threshold parameter defined here
is calculated by assuming that wavelet coefficients in each scale have generalized
Gaussian (GG) distribution, which is seldom met in reality. The maximum like-
lihood (ML) method proposed in [21] shows that the MMSE estimator provides
better result than the wavelet threshold method reported in [19]. To calculate
the variance field for the MMSE estimator the maximum a posteriori (MAP)
method [22] uses a Bayes-rule, modeling the wavelet coefficients in each subband
as an independent Gaussian random variable with zero-mean and slowly varying
variance field. An exponential prior for image coeflicient variance exploited here,”
is motivated from the approximate histogram of true image coefficients. The im-
age denoising algorithm proposed in [24] exploits both the inner and inter scale
dependencies of image wavelet coefficients. In this method variance field is es-
timated as a two step procedure. First, an initial estimate of a variance field is
calculated using the ML method proposed in [21]. Second, a finer scale coefficient
variance is set to zero provided that its parent coefficient variance is less than a
predefined threshold. This method shows a denocising performance close to that

reported in [22].



1.1.4 Motivation and possible outcome’

The prior assumed in [22] is derived from the approximate histogram of the image
wavelet coeflicients. The true histogram reveals that the method simply overlooks
the effect of significantly high occurrence of very low magnitude wavelet coeffi-
cients in the distribution. Therefore, relatively low energy coeflicient variances
obtained from this method are overestimated in magnitude. We expect that a
straight median smoothing on the low energy coefficient variances, which corre-
spond to the noise dominated smooth regions of the image, will reduce the noise
that remain in the preliminary estimated ones. Moreover, the histogram only
represents a global picture of the coefficient statistics. So the prior devised from
the histogram analysis as in [22] can not represent the local variation of the signal
and noise perfectly. If the high energy coefficient variances those correspond to
the signal dominated detail regions of the image, remain as they are in the the
coefficient variance smoothing process, they will maintain the accuracy of the pre-
liminary estimated ones. Qur motive is to improve the estimation performance in
these coefficients also. It is intuitive that an additional smoothing by a new mod-
ifted weighted median filter on the preliminary estimated high energy coefficient
variances, will provide more accuracy to their estimation. For this purpose, a
smoothing term derived from the weighted median of the local neighborhood will
be added to a high energy coeflicient variance with a view that the gradient of the
variance field be smoothed. The two possible outcomes are the overall improved
denoising performance and faster convergence of the smoothing process. In our
work, we want to unify these two types of smoothing in a single filter termed as
adaptive center weighted median filter (ACWMF). Since the smoothing process
of the variance field by the proposed ACWMF is different, depending on — signal .
dominant window or noise dominant window, it should be adapted according to
the image wavelet coefficient characteristics. According to our methodology, the
center value of the mask plays the key role for the adaptation of the proposed
smoothing filter, hence, it is termed as the adaptive center weighted median filter
(ACWMF). For inter band adaptation of this smoothing filter, we suggest an ex-
ponentially decaying inter scale model of image coeflicients. And for inner band
adaptation we prescribe a scale independent threshold parameter. The prelimi-

nary estimated variance field can be obtained from an existing method [21}, [22].



The estimated variance field obtained from the ACWMEF will then be used in the
minimum mean square error (MMSE) estimator for denoising the noisy wavelet

coeflicients.

1.2 Organization of the Thesis

Chapter 1 describes the definition of denoising and the importance of the prob-
lem. This chapter also includes the brief history regarding different denoising
strategies both in pixel and transform domains. The motivation of this work is
also discussed in this chapter.

In Chapter 2, a brief review of wavelet theory and some of the recent wavelet-
based image denoising algorithms are given. The contents of this chapter will
provide some basic definitions and preliminary knowledge of wavelet transform
that will facilitate the understanding of the main algorithm. This chapter also
includes some recent wavelet domain image denoising methodologies.

Chapter 3 describes image denoising method using the proposed adaptive
center weighted median filter (ACWMF). We start with presenting a statistical
model (for both inter and inner scales) of the image wavelet coeflicients. Finally,
procedure of the calculation of variance field using the proposed ACWMEF for the
minimum mean square error (MMSE) estimator is described.

Chapter 4 represents the experimental results. We have tested the perfor-
mance of the proposed algorithm using some of the standard images. Results
are compared both in terms of mean square error (MSE), and visual quality. In
addition convergence in the coefficient domain is also demonstrated.

Finally, we conclude in Chapter 5 with overall discussion of the presented

work and some remarks for possible avenues of future investigation.



Chapter 2

Wavelets and Image Denoising

2.1 Introduction

The goal of image transformation is to represent the image in compact and com-
plete form in any other domain from its pixel domain. The transform should
decorrelate the spatially distributed energy to fewer data samples such that no
information is lost. Due to the high energy compaction along with a special type
of decorrelation, the wavelet transform surpasses the other transforms especially
in the field of image enhancement by denoising or restoration, image compression
etc. Wavelet transformed based or in general any kind transformed based image
denoising scheme is basically a three-step procedure. Fig. 2.1 shows a block
diagram of the transformed base image denoising scheme. First step is the trans-
formation of spatial information into coefficient domain. The second step is to
manipulate the transform coefficients. In general, some of the data samples with
insignificant energy-levels are discarded in this step. The remaining coefficients
also undergo some modification. In the last step, inverse transformation recon-
structs the image from the restored coefficients. During the denoising scheme, not
only a portion of noise is removed but also image features are lost. The objective
of image denoising is to maximize the noise removal with least possible loss of
the image features. To achieve this goal, wavelet shows significant success in the
recent years [17]-[24]. Before introducing some already established wavelet based
denoising algorithms, a brief introduction to wavelet theory will be presented
here. Starting from the multiresolution analysis, first we will represent how 1-D
wavelet coefficients can be obtained from a 1-D signal. The implementation of

the filter bank theory to calculate the wavelet coefficients will be discussed later.
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Figure 2.1: Block diagram of a transform based image denoising algorithm.

Finally, a procedure of calculating the 2-D wavelet coefficients using 1-D filter

bank concept will be presented.

2.2 Wavelet Theory: A Brief Introduction

2.2.1 Wavelets and multiresolution analysis

The theory of wavelets starts with the concept of a multiresolution analysis.
Multiresolution analysis enables us to represent a square integrable function f(t),
i.e. the function that exists in L?(—o0,00) with f*°_|f(¢)|?dt < oo, as a linear
sum of the weighted orthogonal bases (at different resolutions) having the vector
spaces within L?. In wavelet analysis, we go one step further and stipulate that
every basis function be a dilation and translation of a single scaling function of _
unit norm, denoted as ¢(t). Here it is required that integer translations {#(t —
k)}|kez be linearly independent and produce orthonormal basis for the subspace
Vo. Likewise, for a fixed integer scale s, the translations {27%/2¢(27°t — k)}|sez

form an orthonormal basis for the subspace V;, such that the subspaces satisfy
~cv,cvicWcecv,cV,,C--- (2.1)

and

J vi=I}®), N vi={0) (22)

§=-0Q $=—00
Then each function f(¢) € L?(R) can be written as a linear combination of these

basis functions with weights a;, given by

t) = io: 9=/ i o (27 — k) (2.3)
S=—00 k=--00
where
o = / 2-5124(2%¢ — k)dt. (2.4)

The weights o are called scaling coefficients. From Eqn. (2.1} it is clear that

V, € V,_1, 1.e,, subspaces V; are not mutually disjoint, therefore Eqn. (2.3} doesn’t
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represent an orthogonal expansion of f(¢) into the subspaces V;. Moreover, the
functions {27%/2¢(275 — k)}|s xez do not represent a basis for L2(R) because they
arc not all linearly independent, across scales. ‘

The nesting property of the subspaces implies that the scaling function ¢ € Vj

also belongs to V_; and thus satisfies the two-scale dilation equation

b0 =V2 S hed(2t— k) (25)

k=—00

where the sequence {hi} represents the set of coefficients corresponding to the
projection of the bases ¢,_1 x(t) of space V,_; on to the bases ¢, «(t) of space V,
l.e.,

hy = <o(t), (2t —k)>, ke Z (2.6)

Daubechies [14] has shown that {h.} may be also regarded as the lowpass filter
coefficients in a filter bank.

The multiresolution nature of this analysis lends itself to a graphic interpretation.
As the scale s decreases, the support of each basis function 2‘3/2¢(2_3t — k) de-
creases as well. Hence smaller scales may be regarded as representing a finer, or
more detailed, resolution. Conversely, larger values of s indicate basis functions
with wider support, suggesting coarser scale and less detail. This makes a sense
in light of Eqn. (2.1), since V, C V,_; implies that V,_; represents a space of
functions at a finer resolution than V.

Because we want an orthogonal decomposition of f(¢), we now define the “differ-

ence” space W, as the complement of V; in V,_;, namely
Vica :v:s@ws; mmWs:@ (27)

It can be shown that the W subspaces provide a decomposition of L2(R) into

mutually orthogonal subspaces [14], i.e.

W, L Wy if s # &, and b W, =L*R) (2.8)

The basis for the subspace W, consists of translations of a new function, ¥(%).
Since the W spaces inherit the scaling properties of the V spaces, {275/%(27%t —
k) ez will be a basis for W,. As with the V' spaces, each function f(t) € L?(R)

can be written as a linear combination of these basis functions with weights 3, «
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given by
Z 27/ Z Bsxb(27°t — k) (2.9)
§=—00 k=-00
where
Bor= [ 102 (2%t — K)dt (2.10)

Here the function ¢(#) is called the wavelet function, and the weights J,; are
called the wavelet coeflicients. The difference between Eqn. (2.3) and Eqn. (2.9)
is that the latter represents an orthogonal expansion of f(t), also the functions
{273/%(27%t — k)}|s4ez do represent a basis for L?(R). Since y € W, and
Wy C V_,, we have

=V Y a2t - ) (211)

k=00
where {gr} is the set of coefficients corresponding to the projection of bases
$s—1,k(t) of space V,_; onto the bases () of space W, and these can be repre-

sented as

gk = < w(t)aqS(Qt_ k) >, kezZ (212)

It is evident from Eqn. (2.8) that each subspace Vp is the direct sum of Vg and

some W subspaces, we can write for @ > P .

Vp = VQ@WQ@WQ_1@WQ—2EB"'@WP+1 (2.13)

The another way of saying that a function belonging to the subspace Vp may
be written as the linear combination of basis functions of mutually orthogonal
subspaces Vg, Wg, Wo_1,- -+, Wpyy. Thus given the function f(¢) € Vp we can
write
%
Fy =279 3" aguh(27% — k) + Z 2~s/2 Z Bsub(27% — k) {2.14)
k=—o0 s=P+1 k=—o0

This equation is referred to as the discrete wavelet transform (DWT) of the
corresponding input signal f(t). The coefficients agy and f;, can be obtained

as
agr = < f(t), box(t) > |
ﬁs,k = < f(t):"r/)s,k(t) > (215)

Here aq; are generated by the ¢g«(t); thus they correspond to a coarse res-

olution in the multiresolution analysis (MRA)}. The coefficients ag; are called
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approzimate coefficients at scale Q. And S, are generated by the 1, x(¢); there-
fore they represent the details at scale s. The coeflicients 3, are called wavelet

coefficients at scale s.

2.2.2 Implementation of the DWT

It has been shown that the wavelet analysis relations given by the two-scale Eqn.
(2.5) and Eqgn. (2.11) can be expressed in terms of a two channel perfect recon-
struction (PR) filter bank, where the lowpass and highpass filters have impulse
responses {hg} and {gx}, respectively {14]. Perfect reconstruction means that the
output of the filter bank is identical to the input, except for a possible delay and
overall scaling factor. A particular signal of interest, z(t) € V4, can be written as
a linear combination of the basis functions {¢(t — k)} with weights vg

o0

2(t) = Y voud(t— k) (2.16)

k=-o0
If we pass the coefficients vg, into a two-channel filter bank, after the first level

of filtering and downsampling, we obtain the lowpass coefficients

ULk = Z hm—2k0 k (2.17)
m=—0c
and highpass coeflicients
oQ
Wik = Z GYrm—2kV0 .k {2.18)

Similar iterations of the filter bank on the low pass channel result in the coefli-
cients

o0
Usk — z hm—?kvs—l,ka

m=—0o0

oQ
Wek = D Gm-2kUs—1k, (2.19)

m=—o0
after ¢ stages of thc‘mmlysié [lters, where vy is the output of the (s — 1)-
iteration of the filter bank. With the filters {h,} and -{gk} as given in Eqn. (2.5}
and Eqn. (2.11) respectively, it turns out that the numbers {v,;} are in fact just
the scaling coeflicients {a,x}, and the numbers {w,} are actually the wavelet
coefficients {3, x}. Thus the wavelet decomposition of the signal z(¢} in the bases

for the subspaces V; and W, for s > 0, can be found by repeated filtering of

-~

i
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Figure 2.2: Analysis and synthesis stages of a 2-channel single-level orthogonal
PR filter bank.

“the scaling coefficients {vg,} corresponding to the subspace V;. The synthesis
portion of the filter bank reconstructs the sequences {v,_; .} from the sequences

{us 1} and {w,,} via

o0 o0
Vemrh = D, Pe—amUsp + D Gr-2mWsk (2.20)

n=——00 TM=—00

as shown in Fig. 2.2. Note that the filters in the synthesis stage, with impulse
responses {h;} and {j}, are not necessarily the same as those in the analysis
stage, which have impulse responses {%,} and {gx}. The filters {h,} and {g;} are
called the dual filters to {h«} and {gx} [12]. The dual filters have corresponding
dual scaling and wavelet functions, ¢(f) and 1(t), which generate the dual spaces
173 and Ws.

Orthogonality and symmetry of the basis functions are the two desirable char-
acteristics of wavelet transform. Orthogonality decorrelates the transform coeffi-
cients, thereby minimizing the redundancy. Symmetry provides linear phase and
permits simple symmetric boundary extension techniques that minimizes border
artifacts. Since an FIR filter bank cannot have both orthogonal and symmetric
filters with length greater than two, so for scaler wavelets, the filter bank cannot
simultaneously have orthogonality and linear phase property {the only exception
is the Haar wavelet with filter length two}. For a truly orthogonal PR filter bank,
{ht} and {g} are just the time reversals of {h;} and {gi} respectively. Filter
with a length greater than two, with symmetric property is called biorthogonal fil-
ter. Biorthogonal wavelets are preferable for image compression, since symmetric
boundary extension of the transférm coeflicients improves compression perfor-
mance. On the other hand, denoising requires higher decorrelation efficiency and
therefore orthogonal wavelets are more preferable for this purpose. In our exper-

iment, we examine the performances using 8-tap orthogonal Daubechies wavelet



14

&
|:r
0
=
1 h 4
-
n
(=]
-
¥
-—
[pe]
=]
=
¥
—
AS]
Ei
kol
x

Wk
Hl2
% l Wik
(a)
Vak -
_,12 hk
‘Nak'_bTe > §k }—Tz F‘k Yox
}TZ gk -
Wou N q o~
Wik ’ Tz %

(b)

Figure 2.3: A three-level orthogonal PR filter bank; (a} Analysis stages , (b}
Synthesis stages.

Dg. An example of three level analysis filter and its corresponding synthesis filter

is shown in Fig. 2.3.

2.2.3 Vanishing moments of wavelets

As mentioned earlier, one of the desirable wavelet characteristics for image de-
noising is good energy compaction efficiency. The number of vanishing moments
possessed by a wavelet provides a means for evaluating the energy compaction
efficiency. The greater the number of vanishing moments, the better the energy

compaction efficiency will be. A wavelet is said to have K vanishing moments if

f " im(t)di = 0 (2.21)

where 0 < m < K — 1. This implies that polynomials up to order K — 1 can
be exactly represented by the approximate coefficients. The Dy orthogonal filter

bank has 8 vanishing moments, and we use this filter expecting high energy

compaction.

2.2.4 DWT of 2-D signals

Since an image is a two dimensional function, it requires the 2-D wavelet trans-

form. Separable wavelet transforms are common in two dimensional case. Sepa-

PR
ey
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Flgure 2.4: Analysis of a 2-channel single-level orthogonal PR filter bank for 2-D
scaler wavelet transform.

rability of the wavelet transform enables one to separate the scaling and wavelet
functions so that the 2-D transform is equivalent to two separate 1-D transforms.
The 2-D DWT is implemented as a 1-D row transform followed by a 1-D column
transform. The transform coeflicients are obtained by projecting the 2-D input

signal f(r,t) on to a set of 2-D basis functions, expressed as the product of two

1-D basis functions as

d)(?", t) = (b('r) ’ ¢(t)= %(Ta t) = lb(T) : ¢(t):
wa(r,t) = ¢(r)-¥(t), Ya(r,t) = (r) - ¥(t) (2.22)

If the scaling function ¢(r,t) and the wavelets are (7, t), 12(r, t) and ¥3(r, t),
then the approximate coefficients, (s, k,1) and the corresponding three types of
detail coefficients, 8'(s, k,1), 5%(s, k,1) and 33(s, k, 1) are

Gopr = [_Z [_Z £, )27 26(27%% — K)$(27*t ~ I)drds
Sk = f_o:o [_ o:of(T,t)Q_s/?qb(?‘st—!c)vj;(Z“st—l)drdt
el = f_ : f_ O:Of(r,t)T”?w(z‘St—k)¢(2-5t—z)drdt
okl = f_: [_:f(r,t)rs/?w(z—%—k)¢(2—5t—z)drdt (2.23)

The coeflicients (s, k£, [) are the coarse coeflicients that constitutes the LL, sub-
band.. The coeflicients 5(s, k, [} are the vertical details corresponding to the LH,
subband, 3%(s, k,1) are the horizontal details corresponding to the H L, subband
and 33(s, k,!) are the diagonal details corresponding to the HH, subband. The
procedure of orthogonal decomposition or reconstruction for 2-D sequence using-
a filter bank algorithm, is alsc a simple extension of the 1-D sequence. For sim-

plicity, a single stage orthogonal decomposition of a 2-D signal is shown in Fig.
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Figure 2.5: Spatial correlation of 2-D wavelet coefficients for three level decom-
position.

2.4,

In the field of image denoising and image compression, the DWT stands as a
unique transform for one of its very important features. One of the advantages of
the wavelet transform over the other usual transforms is, there exist correlation
between the discrete wavelet coeflicients in each of the three spatial directions
(i.e. HL,, LH,, and HH,) [13], [15], [22]-[27]. The spatial correlation and the
parent-child relationship among the wavelet coefficients at different resolutions
are shown in Fig. 2.5 . In the next section, we present a brief review of some

recent image denoising techniques in the wavelet domain.

2.3 Review of Wavelet-based Image Denoising

Research results for denoising images corrupted by additive white Gaussian noise
(AWGN) in the wavelet domain have been proposed recently in [17]-[24]. Coeffi-
cient thresholding is one of the approaches {17]-[20] where noise dominant coeffi-
cients are forced to zero, by comparing the coefficients to an estimated threshold
which is a function of the noise level. The wavelet shrinkage method in {17]
provides a universal threshold parameter for image denoising and also gives an

asymptotically minimax-optimal solution [23]. However, in many image process-
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ing applications minimum mean squared error (MMSE) metric is more preferable
[19]-[23]. With an objective to minimize the MSE, spatially adaptive wavelet
threshold (SAWT) method proposed in [19] defines an adaptive threshold pa-
rameter, which incorporates the changing characteristics of image. To estimate
this adaptive threshold, the method assumes that the image coefficients within
each subband are independently identically distributed (i.i.d.) random variables
having a generalized Gaussian (GG) distribution. The maximum likeliho'od (ML)
method [21], finite impulse response (FIR) Wiener filter method [23], and their
variants claim that the MMSE estimator performs better than the wavelet thresh-
old methods. To estimate the coefficient variances for the MMSE estimator, the
methods proposed in [22]-[24] assume that coeflicients are conditionally indepen-
dent Gaussian random variables with zero-mean and slowly varying variance. The
method proposed in [22] calculate the coeflicient variances assuming an exponen-
tial prior distribution for the noise-free image coefficient variances in each sub-
band. The assumption of the exponential prior is motivated by the resemblance
of the approximate histogram of signal coefficients normalized by their standard
deviation to the unit variance, zero-mean Gaussian probability density function
(p.d.f). Incorporating this prior to the Bayes-rule, the maximum a posteriori
(MAP) estimator proposed in [22] provides an appreciable result. The method
proposed in [24] suggests an additional thresholding for the finer scale preliminary
ML estimated variances exploiting the fact that the inter scale coefficients’ power
decay exponentially. In [23], an exponential decay model of local autocorrelation
of image coefficients is exploited for estimating the FIR Wiener filter parameters.
Both the methods proposed in [23] and [24] show results close to that reported
in [22]. The performances of the algorithms reported in [22] and [23] are highly
dependent on the degree of match between the actual distribution of the un-
derlying image wavelet coefficients and the assumed prior distribution function.
And the performance of the method described in [24] is Lighly dependent on the
threshold parameter. Now a brief introduction of the image denoising techniques
will be presented in terms of their chronological performances. For the simplicity,
here we avoid the detail illustration of the methodology showing intermediate or

similar results.
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2.3.1 Denoising by Donoho’s wavelet shrinkage method

In a sense Donoho is the pioneer to introduce wavelet shrinkage [17] as a suc-
cessful tool for image denoising. Wavelet shrinkage refers to the reconstruction
of the coefficients obtained by the wavelet transformation, followed by shrinking
the empirical wavelet coefficients towards zero, followed by the inverse transfor-
mation. For denoising Donoho [17] has proposed a threshold value such that
wavelet coeflicients with magnitude less than the threshold are forced to zero.
The reported threshold is often termed as Donoho’s universal threshold.

Let F;(k) represent the orthonormal wavelet coefficients of the true image for a
given scale s with 1—D representation. The corresponding wavelet coefficients of
the noisy image can be written as G,(k) = Fy(k) + N,(k), where N (k) are the
wavelet coefficients of the additive noise. If J, is the total number of coefficients
in a given scale s, and the noise variance is ¢,2, then according to Donocho the
threshold, T should be o,v/2logJ,. And using this threshold level the denoised
image wavelet coefficients can be estimated either by hard-thresholding or by

soft-thresholding. The popular hard-threshold function is given by
Fy(k) = Fy(k).1{F,(k) > T} (2.24)

which keeps the input if it is larger than the threshold T'; otherwise, it is set to

zero. The soft-threshold function also known as the shrinkage function given by
Ey(k) = sgu (F,(k)) (1F, (k)] - T) (2.25)

takes the argument and shrinks it toward zero by the threshold T'. For denoising,
soft-thresholding is chosen over the hard-thresholding for several reasons. First,
soft-threshold has been shown to achieve near-optimal minimax solution over the
large range of Besov spaces. Second, for the assumption of Gaussian prior which
is common in many of the algorithms concerned, the optimal soft-thresholding
yields smaller risk than optimal hard-thresholding. La.stiy, in practice, the soft-
thresholding provides more visually pleasant images over hard-thresholding be-
cause the latter is more discontinuous and yields abrupt artifacts when noise
energy is significant. '

Donoho [17] has also introduced a noise variance estimator from the highest band
of the wavelet coefficients. Its practical importance is recognized with high ap-

preciation to the image processing community, since in the practical case noise
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variance is totally unknown and it provides a way to estimate it. If G, represents
the noisy wavelet coefficients in the highest subband HH;, then the estimated
noise standard deviation may be obtained as

_ med(|G,yf)

. 2.26
g 0.6745 (2.26)

2.3.2 Denoising by spatially adaptive wavelet threshold

Donoho’s universal threshold [17] and Johnstone’s SureShrink [18] methods define
the threshold parameter which are uniform over the subband coefficients. It is
obvious that the threshold value should be adaptive to the spatially changing
statistics of the image. Spatially adaptive wavelet threshold (SAWT) proposed
by S5.G. Chang et. al. {19] incorporates this adaptation. The method assumes that
image wavelet coefficients in each subband can be modeled as zero-mean random
variables with generalized Gaussian (GG) distribution. The authors term the
method as BayesShrink method, since the proposed algorithm minimizes MSE in
a Bayes framework. According to the method the optimal thresho’ld T* is defined

to be the argument which minimizes the expected error
T = argm]in Eg, r,r(Fs — F)? (2.27)

where G,{F; ~ ¢(g9 - f,0,%) and F; ~ GG,, 6p(f). Here, the parameter o is the
standard deviation of true image coefficients in a subband that determines the
spread of the density function, and the parameter 7 is called the shape parameter.
According to them, for a shape parameter having a range of 7 € [0.5,4], the

optimal threshold 7* can be well approximated by

Tok) = 5o (2.28)

allowing at most 5% difference from the minimum expected square error, with
ds(k) be the estimated coefficient standard deviation. The estimated value of
ds(k) plays a key role in image denoising as the threshold T depends on it. As-
suming that common images have shape parameter within the range mentioned
above, the proposed method incorporates the spatial adaptation to the threshold
parameter only by estimating the coefficients’ local standard deviations &,(k).
To estimate the coefficient standard deviation &(k) or simply coefficient vari-

ance d,*(k), clustering of the coeflicients with similar context is adopted in this
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algorithm. To calculate the activity level or simply the context of a current co-
efficient G,(k), in {19} a weighted average of the absolute value of the neighbors
defined as

vik) = Wiuy (2.29)

has been proposed. Here, uy is a M x 1 vector with elements being the absolute
value of the coefficient itself and its square shaped local neighborhood. The

weight W is obtained by using the least-square method as

w = argm\in%(i@s(k”——wtuk)z

= (U'U)'UY G| (2.30)

where U is a J; x M matrix with each row being uy for all k£, and G, is the
Js x 1 vector containing all coefficients G,(k). Let Vg is a J; x 1 context vector
with v (k) being its elements, for the corresponding coefficient vector G,. For any
point k considering D closest points (in value) above v(k) and D closest points
below, let A, is the set of points having the similar context in V. If B, denotes
the set of points in {G,(k)} that correspond to the set Ay, then the estimated

variance field ¢,%(k) with similar context can be obtained as

A2k —
7" (k) ma‘x(zpﬂ

3 GL(5) - on?,o) (2.31)

JjE€Bx
Using the coefficient standard deviation d;(k) from Eqn. (2.31), the threshold
Ts(k) can be calculated from Eqn. (2.28). Finally, the common soft-thresholding

technique as in Eqn. (2.25) can be used to estimate the denoised wavelet coeffi-

cients.

2.3.3 Denoising by statistical modeling of wavelet coeffi-
cients '

Many researchers have incorporated statistical models for image wavelet coeffi-
cients in their own objectives. Mihcak et. al. [22] has modeled image wavelet
coefficients as a doubly stochastic process. In [22], each subband is modeled
as conditionally independent Gaussian random variables with slow varying vari-
ance rather than GG model [19], [20], and a stochastic prior is assumed to take

the relation of the local variance. The assumed prior for the signal coefficient
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Figure 2.6: Histogram of the high-band wavelet coefficients of Lena, motivates
the inner scale modeling; (a) Original, (b) Gaussian fitted.

variances within the scale is motivated by the histogram analysis of the image
coefficients. Fig. 2.6(a) shows the true histogram of the original high-band H H;
image coefficients of the original Lena image from the first scale , obtained by
employing Daubechies-8 wavelets. Fig. 2.6(b) shows the Gaussian fitted approx-
imated version of the true histogram. Both figures also show the histogram of
the coeflicients normalized by the true standard deviation. According to this
algorithm, the normalized histogram can be approximated by' a zero-mean, unit
variance, GGaussian probability density function (p.d.f.), and hence an exponential
prior can be assumed for each subband image coefficients.

In [22] the denoising algorithm operates in three steps as shown in Fig. 2.7. First,
an initial estimate of signal coefficient variance ,*(k) for each point is calculated
using an approximate maximum likelihood (ML) method as in [21]. From this
estimated variance field, a decaying parameter A; for image prior is calculated.
Second, using the parameter A, for each scale, more accurate variance filed &,%(k)
for each coefficient is re-estimated using an approximate maximum a posteriori
(MAP) method. Third, the re-estimated coefficient variances are applied to a
linear MMSE estimator to denoise the coefficients according to the relation

Ak = 246,00 = 7o)

Gy (k) (2.32)

d" (k) + o2
where d,%(k) represents the re-estimated variance of the k-th image wavelet co-

efficient and ¢2 is the known noise variance.
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Figure 2.7: Block diagram of denoising algorithm using MAP estimator.

Assuming that the correlation between the variance of the neighboring coefficients
is high in the given data field G;(k), they set 6,°(k) ~ &,(j) for all j € N (k).
Here A (k) is a square shaped local neighborhood centered at G;(k). Variance of
the estimated coefficients, 7,%(k), can be estimated using the ML [21] estimator

5 k) = argmax [ P(G.(j)|o.?)
72720 ;N (k)

= max (o, JTIJ > G - a,f) | (2.33)
JEN(K)
where P(-|6,°) represents the Gaussian distribution with zero-mean and vari-
ance d,* + 0% and M is the number of coefficients in A/(k). Since approximate
histogram of the true image coefficients as shown in Fig. 2.6(b) resembles to
the zero-mean, unit variance Gaussian probability density function (p.d.f), a
prior marginal near Gaussian distribution can be assumed for true image co-
efficients. Now, defining A; as an average of estimated signal coefficients’ vari-
ances in each subband and assuming a prior marginal distribution f,,(o%) =
(1/As) exp(—0,%/A,) for each sub-band, &,°(k) can be re-estimated using the MAP

estimator as

ész(k) = argglzaé}g i; H P(GS(J) | 052):| fo,(Usz)

ENT(K)

MM 8
= max |[0,— |-1+ |1+ > Gj)
( 4 l: \J As M2 FEN (k)

- o,f‘) (2.34)
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For each subband the parametér A, can be calculated from the standard deviation
of the estimated coefficients &,° using the ML estimator. The final estimate of the
coefficient variances &,2(k) are then used in Eqn. (2.32) to denoise the corrupted
coefficients. The inverse transform of F(k) gives the denoised version of the given

nolsy image.

2.4 Conclusion

The importance of the wavelet transform in the field image denoising has been
briefly discussed first. Next, a short introduction to the wavelet theory is pre-
sented. The 2-D extension of the 1-D wavelet transform is also discussed. Finally,
some of the most recent wavelet domain denoising algorithms are presented. The
algorithms are presented chronologically according to the degree of denoising
performance. The methods showing similar results are only cited omitting the

details.



Chapter 3

Wavelet-domain Adaptive Center
Weighted Median Filter for
Image Denoising

3.1 Introduction

Denoising images corrupted by additive white Gaussian noise is a classical prob-
lem to the signal processing community. The corruption of an image by noise
is common during its acquisition or transmission. The aim of* denoising is to
remove the noise while keeping the signal features as much as possible. Tradi-
tional algorithms perform image denoising in the pixel domain {7]-[8]. However,
1n recent years, wavelet transform based image denoising algorithms have shown
a remarkable success [17]-[24]. For the underlying problem, wavelet shrinkage
method in [17] can provide an asymptotically minimax-optimal solution [23].
But for many image processing applications, e.g. medical imagery, astronomical
imagery, remote sensing imagery, minimum mean-square error (MMSE) metric
is more breferable [19]-[24]. Assuming transform coefficients within subbands
are independent identically distributed (i.i.d.) random variables with general-
ized Gaussian (GG) distribution, an optimal MMSE estimator (Wiener filter)
performs better than wavelet coefficient threshold methods [23]. However, such
assumption may not be always realistic, considering the statistics of wavelet co-
efficients of natural images.

The wavelet coefficients within subbands are, infact, locally stationary and have
dependency both in scale and across scales [23]-[25]. Considering such depen-

dency with the neighbors, wavelet coefficients within each subband should be

24
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modeled as independent Gaussian random variables with zero-mean and slowly
varying variance [21]-[25] rather than GG distribution {19], [20]. Estimation of the
variance field using the Bayes-rule with a single exponential prior, inferred from
the approximate histogram of true image coefficients in each scale, as in [22] is a
crudc one especially in the finest scale for two reasons. First, the assumed prior
neglects the high frequency occurrence of very low magnitude coefficients in the
histogram. The distinction of the approximate and actnal histogram is obvious in
Fig. 2.6. Second, the local statistics of the signal or noise is not the same as that
of the whole subband. Thus, the estimation of the variance field in [22] motivated
by the histogram analysis of the wavelet coefficients is not accurate enough. The
image denoising algorithm proposed in [24] adopts another approach considering
both inner and inter scale dependency of the wavelet coefficients. In this method,
if the parent value of an initial estimate of a coefficient variance is less than a
predefined threshold, then it is set to zero. The denoising performance achieved
by this method is close to that of reported in [22].

This work proposes a new smoothing process in the wavelet domain using an l
adaptive center weighted median filter (ACWMF) for better estimation of the
variance field incorporating the local characteristics of the wavelet coefficients.
For smoothing the variance field within the scale, the ACWMF does not assume
any kind of particular distribution as in [19]-[24]. An exponentially decaying in-
ter scale model for image wavelet coefficients is also suggested for adaptation of
the ACWME across scales. The key idea of the smoothing process is to suppress
more noise from a preliminary estimate of the variance field without loosing image
features that may degrade the quality of the denoised image. The preliminary
estimation is performed assuming that the wavelet coefficients are conditionally
i.i.d. asin [21], [22], [25]. For re-estimation of the variance field, first, we classify
the overall scales as the noise dominant scales and the signal dominant scales.
The ACWMEF is operated only on the noise dominant scales. Due to the presence
of a trace of signal component in these scales, the proposed ACWMF is designed
as a special type of median filter that intelligently identifies the signal dominant
regions from the noise dominated ones, and adapts itself in a predefined way
during the smoothing process. Since high energy wavelet coefficients correspond

to the signal features of sharp variation like edges and textures, and low energy
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corresponds to the smooth regions, during smoothing process we compare the
cente.r value within the mask to a prescribed threshold level to identify the signal
or noise dominant regions in a scale. Because the adaptation of the proposed
median filter depends on the magnitude of the center value within the mask,
it is termed as the adaptive center weighted median filter (ACWMF). Finally,
the variance field estimated from the ACWMF is used in a MMSE estimator for

denoising wavelet coefficients.

3.2 Proposed ACWMF for Image Denoising

3.2.1 Overview of statistical models

Many researchers have exploited the statistics of wavelet coefficients for wavelet
coding and denoising of natural images. Considering the spatial clusters, co-
efficients within each band can be globally modeled as independent Gaussian
_random variables with zero-mean and slowly varying variance field [21]-[25]. The
slow variation of the variance field can roughly be incorporated by a stochas-
tic prior as in [22]. To obtain better accuracy, by an additional smoothing, we
consider the absolute value of the wavelet coefficients as a measure of the signal
feature instead of assuming any global distribution throughout the scale con-
cerned. Also the magnitude of the wavelet coefficients of a typical image are
strongly correlated across scales. Embedded zero tree wavelet (EZW) coder by
Shapiro [26], hidden Markov tree (HMT) model by Crouse [27] et. al. exploited
the dependency bétween a parent coefficient and its children. Here we instead
take a relation, that represents the average signal level distribution across scales.
‘The standard deviation of the coefficients in each band represents the average
signal level in that scale. Since most of the images have smooth regions with
some edges and textures, it is expected that -signal power decreases exponentially
across the scales. That means, if ); is the average of three standard deviations of
the wavelet coefficients of three high subbands HH,, HL,, LH;, for a given scale
s, then A; should have an exponential distribution across scales. The plot of A,
across scales for different images is shown in Fig. 3.1. A normalized function
I'(s) =Cp% 8 >1o0rTI'(s) = Cs” may be used to match such distribution, with

C being a suitable constant, § denotes a base parameter, and p is an integer
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Figure 3.1: Average signal level distribution across scales for different images
(solid line: distribution of A;; dashed line: T'(s) = C3° distribution; dotted line:
I'(s) = Cs? distribution).

exponent. For a number ol images it is lound that ['(s) = C3* with 8 = 2 shows

the best match in the least-square sense.

3.2.2 Denoising algorithm

In this work, we assume that image pixels are corrupted by additive white Gaus-
sian noise (AWGN) with known variance o2. If 62 is unknown, it may be esti-
mated by applying the median absolute deviation (MAD) method [17] in the high-
est subband of the wavelet coefficients according to Eqn. (2.26). Let F,(k) repre-
sent the wavelet coeflicients of the true image for a given scale s. The correspond-
ing wavelet, coefficients of the noisy image are given by G,(k) = Fy(k) + N,(k)}, .
where N,(k) are the wavelet coefficients of the additive noise.

The proposed denoising algorithm operates in three steps. First, we perform
a crude estimation of the variance d,%(k) for the noisy coefficients, using the
maximum likelihood (ML) estimator proposed in {21] or the maximum a pos-
teriori (MAP) estimator proposed in [22]. In the second step, more accurate
variance field &,2(k) for the noisy coefficients, is re-calculated using the proposed

ACWMF. Finally, the denoised wavelet coefficients, F,(k) are estimated by the
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Figure 3.2: Block diagram of the denoising algorithm.

MMSE estimator given by

& (k)
= m(}'s(k) (3.1)

Here &,%(k) are the estimated variance of the noise-free coeflicients. The block

diagram of the proposed denoising algorithm is shown in Fig. 3.2.

3.2.3 Estimation of the underlying variance field

'The performance of the MMSE type estimator depends highly on the quality of
the estimation of &,%(k) or simply 62(k). As mentioned in Sec. 3.2.2, prelimi-
nary estimation of the variance field is a prerequisite to the proposed smoothing
process. For this estimation, assuming that the correlation between the variance
of the neighboring coefficients is high in the given data field G,(k), one can set
Go2(k) ~ G,2(j) for all j € N (k). Here N(k) is a square shaped local neigh-
borhood centered at G,(k). Variance of the noisy coefficients, &,°(k), can be
estimated using the ML estimator [21] as

~ 2 — : 2
Go (k) = argdlyngo_ﬂ P(G(j) | 04,%)
* T JEN(K)

1
= — G2(j 3.2
Mj&-;(k) S(J) ( )

Here, it is assumed that noisy coefficients G(7) have a Gaussian distribution with

zero mean and variance &,°

s
N (k).

= 7, + 0,%, and M is the number of coefficients in
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Proof of ML estimation 1 The optimization problem can be written as

Goi(k) = arg max Fl(o,,) (3.3)
where
Flo,)= > log (P (Gs(j) | crgs?)) (3.4)
JEN (k)
Note that
| 1 Gs*(4)
e
_ 1 G (j
log (P (Gs(_j) | 0932)) = Const — 5 log(a,,?) — ?(32—) (3.5)
95
Hence
M 1
F(o,,) = Const — > log(ay,%) — 2%525 (3.6)

where S = ¥ien) G2(5). It can be easily verified that F is concave in ag. k.

2

Hence from Kuhn-Tucker theorem, the mazimum of oy * is unique. Now we can

proceed by taking the first order derivatives and set zero to find d,2(k).

d
aTgsF(O'gs) = 0
S _l = 0
20954 20952 B
. 1 )
Gik) = — X G (3.7
JEN(K)

If the average power level of the signal coefficients in each subband, with a prior
marginal distribution f,,(0,%) = (1/X,) exp(—0,%/X,), is A,, then d,%(k) can be
estimated using the MAP estimator [22] as

Gos(k) = arg Jnax,

II P(G.)] agf)} fon(052)

JEN(K)

M A,

_1+J1+ 5 iﬂ > Gg(j)} (3.8)

JEN(K)

Proof of MAP estimation 1 The optimization problem can be written as

G2 (k) = arg max F(a,,) (3.9)

ag,2>0
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where
F(og) = Y. log(P(G(j) | 0.%)) + log fo,(0,%) (3.10)
JEN(K) '
Note that
] 2 — 1 2 Gsz(])
log (P (Gs(j) | oy, )) = Const — 3 log(oy.*) — -—~2-5;—s—5«
log fs,(0s") = Const—a,*/A, (3.11)
Hence ,
— _ Oy M oy .1 '
F(o,,) = Const N + 5 log(ag,”) 55,2 (3.12)

where § = ¥ienk) G,*(§). Here also F is concave in crgsz. Hence by taking the

Ny = 2
first order derivatives and set zero to find o, (k).

d
—80952F(09") =0
S M 1
- 2 =09
20,0 20,7 A
MM
Fo(k) = -1 :

For renovation of the preliminary estimated variance field we introduce a new
smoothing process that is adapted to both inter and inner scale, exploiting the
statistics of wavelet coefficients. It is evident from Fig. 3.1 that approximate
wavelet coefficients of practical images mostly represent the signal coeflicients.
We can neglect the smoothing of the noisy coefficients in the scales where signal
coefficients dominate by defining a threshold in terms of A;. A subband having
As higher than the threshold value is assumed to have mostly signal coeflicients
with insignificant noise coefficients and vice versa. In the proposed method, we
apply the modified median filter termed as the ACWMF to the noise dominated
high bands. If the preliminary estimate of the local variances using an existing

2

estimator, e.g. ML or MAP, is d,2, then the re-estimated variance d,° after

passing through the proposed filter is given by

%ss med’ e, ((fgg(j)) , if Ay < Asy (3:14)

for all j € M (k), where med®,,, represents the center weighted median value of

the given set of data for the ¢-th iteration. The parameter A; can be calculated
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Figure 3.3: Five level wavelet decomposition of the image Lena. White pixel
means the large magnitude coefficients, and black means the small magnitude.

from the standard deviation of the preliminary estimate of the signal coefficients’
variances, &,2 in each subband [22]. We define the threshold parameter M, as
the weighted average of A\,. Assuming that the inter scale average signal level
decreases as a near exponential distribution following A, = C2°, with C being a
suitable constant, the Ay can be calculated as

[ As2ds

Atp = 1
w = (3.15)

In the high bands along with noise, signal component exists. Therefore, our ob-
jective is to remove noise from these bands with less possible distortion of the
signal components. To achieve this goal, the proposed ACWMEF first identify the
signal or noise dominant regions within the subband and performs smoothing in
a prescribed way. Within a subband to distinguish signal dominant regions from
the noise dominant ones, we choose power level of a coefficient as a determining
factor.

Magnitude of a wavelet coeflicient and therefore its energy is a distinctive indi-
cator of the image features like edge, texture etc. This can be verified from Fig.
3.3, which shows the wavelet decomposition of the original Lena image. For a
noisy image, it is expected that the magnitude of the wavelet coeflicients will be

increased on average due to the addition of noise. This reveals that the low en-

e
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ergy coefficients corresponding to the smooth regions in an image are dominated
by the noise. We expect that, in this region smoothing of the preliminary esti-
mated variance field by a straight median filter can produce better estimate of its
noise-free value. On the contrary, high energy coefficients which corresponds to
the regions of sharp transition in an image, are dominated by the signal. Using
a straight median filter in this region would have adverse affect on the signal
coefficients due to over smoothing. If we preserve the center value as it is in this
region it ensures the correctness of the preliminary estimation. But our aim is
to improve the performance in this region if possible. Let us take a hypothetical
situation when center value of the variance field is less than the other value within
mask. If we add a second term to the center value that is a weighted median of
the difference of center to other value within the mask concerned, it is expected
that center valuc will be boosted up and thereby enhance the edge information.
In the other cases, the second term will simply smooth the gradient of the prelim-
inary estimates and, hence, increase the convergence of smoothing process. To
distinguish whether the variance is dominated by noise or by signal, we prescribe
a scale independent threshold level which is a function of noise variance. Finally,

our proposed adaptive median filter med’,, can be defined as

med (dr'gi(j)) : if 7,2(k) < vo,?
G 2(k) + medy, (6,2(4) — G,2(k)) . if 6,2 (k) > 70,2
(3.16)

The parameter < is a tuning factor that controls weight of the center value and

med', (6,2(7)) = {

the median value according to the mask size. The larger the mask size, the greater
the chance that median value can affect the center value and hence the smaller
the value of vy should be. Since a straight median operator on the second term of
the second condition in this equation represents nothing but the first condition,
it necessitates that the second term be weighted. We choose the weight space B

such that
B w UJ ] d ] —_ 1 -17
l | [\f(k) (3) J (3 )

If the weighting function w(j) is the same as in [22], i.e. w(j) = exp (—72(7)/)s),
then B can be defined as

B(j) = PP/

I exp (—62(5)/As)ds (3.18)

P
"
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for all 7 € AM(k). Finally, the weighted median operator med,, can be obtained

as

med,, (6,2(7)) = med (5,2(5)B()) (3.19)
for all 7 € A (k). Though the ACWMEF results in a smoother version of the
data set, it is a contrast invariant operator {9] and also it shows an asymptotic
convergence. As over-smoothing can affect the signal coefficients, the iterative
smoothing process needs a terminating criterion that is a measure of smoothness

of a data set. Here, we use “log-entropy” as an indicator of smoothness given by
. J"

H'(J,2) = = 3 In [6,2(k)] (3.20)
k=1

with J; being the number of coefficients in a given subband s. If |H* — H**!| /| H?|
is less than a very small value €, then the iteration is terminated. And the signal

coefficients’ variances can be estimated from cr"_,,f as

52(ky = max 0,52 (k) — 0n’] (3.21)

The estimated noise-free coefficients, ﬁ‘sg(k) are calculated by the estimated signal

coefficient variance, d,%(k) and the MMSE estimator as in Eqn. (3.1). Inverse
~ 9 .

wavelet transform of the denoised coefficients F; (k) gives the denoised version

~

of the image f(z, 7).

3.3 Conclusion

In this chapter, we have presented a brief review of the present state of the art
of different approaches for the problem and motivation behind the proposed al-
gorithm. Then statistical modeling of image wavelet coeflicients are discussed.
A new exponential statistical model for the inter scale image wavelet coefficients
15 proposed here. Next we propose a wavelet domain adaptive center weighted
median filter (ACWMF) for image denoising. The proposed filter operates only
on the preliminary estimate of the variance field. The mathematical expressions
for the preliminary estimation of the variance field are included for the simplic-
ity. Por re-estimation of the variance field the ACWMF adapts itself exploiting
both the inner and inter scale statistics of image wavelet coeflicients. The pro-

posed exponentially decaying inter scale model is used to classify the scales into



34

the signal and noise dominant ones. The ACWMF operates only on the noise
dominant scales. For smoothing process within these scales, the proposed filter
exploits inner scale statistics, where the coefficient energy is chosen as an index
for classification of the signal and noise dominant regions. The explanations for
the expected improvement of the denoising performance over some of the recent

methods are also stated here.



Chapter 4

Simulation Results

4.1 Introduction

A relatively small selection of certain test images appears repeatedly in the pub-
lished literature of image denoising. Using a few standard images has some bene-
fits, such as allowing direct comparison of the performances of different denoising
techniques. However, one drawback is that the so called “standard” images are
not perfectly standard. For example, when a color image is converted to the
grayscale image the algorithm may differ. This means that the authors citing
results in different papers for the same image may be using slightly different im-
ages. For the best, the'test images used in this work were collected from the
different sources on the Internet. In addition to the most commonly used natural
images, some synthetic images are tested to obtain a better overall performance
of the proposed image denoising methods. The following list of sources indicates
the drigin of the test images used.

1. MATLAB image processing toolbox.

2. Waterloo BragZone

(http://links.uwaterloo.ca/bragzone.base.html)

3. Information Coding laboratory, UCSD ECE Department
(http://www.code.ucsd.edu/ sherwood /image examples/chan coded /chan coded.html)
4. Signal and image processing Institute, USC
(http://sipi.usc.edu/services/database/Database.html)

5. UICODER

(http://saigon.ece.wisc.edu/ waveweb/QMF /software html)

We have tested the proposed denoising methods on three broad classes of images.
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The test images are classified according to the mixture of sharp transitions, flat
regions, shading, textures ete. contain in them. A good mixture of all these crite-
ria is found in the very popular standard image Lena and most of the cited papers
report on this image [29]. We choose it as the representative of the first class,
having a good mixture of details and smooth regions. Detail simulation results
on this test image is presented in this work. For the second class of images with
very high details, our choice is the image Mandrill. The last class of images, hav-
ing relatively a more smooth regions we choose the image MRI. We can further
classify the image denoising methods on the basis of their applications. Denoising
of MRI image will fall into the category of medical image denoising. To simulate
the denoising performances on a typical astronomical image we prefer Earthspace.
As an application on the low altitnde remote sensing image, the image Pentagon
is chosen.

The index used for comparing the performances of different denoising methods is
the peak signal to noise ratio (PSNR). Since all the tests are performed on 8-bit
grayscale images, the peak signal value is 255. Hence the PSNR. values in dB for
a X x Y test image f(¢,7) with its reconstructed image f(i,j) are calculated via

2
PSNR = 10log, (1\2/1_58%) (4.1)

where the mean square crror (MSE) is defined as

1 X Y
MSE = £ 33 [£(6.4) — £(4,9)

4.2 Result and Discussion

All the test images reported in this work are 512 x 512 grayscale images. The
orthonormal wavelet Daubechies’ of length-8 was used and decompositions were
5 levels deep. To estimate the signal coefficient variance, 52(k) centered square-
shaped windows of size 3 x 3, 5 x 5 and 7 x 7 were employed. The parameter
should be set empirically. In our experiment, we have observed that the suitable
value of v lies in the range 1 to 4. The value of this parameter is dependent on
the mask size. In our presented result we have used v = 3 for the mask size 3 x 3,
2 for the mask size 5 x 5, 1.5 for the mask size 7 x 7. We have compared six

different denoising methods and the PSNR results are shown in the respective
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table of the test image. The first method is MATLAB’s image denoising algo-
rithm wiener?. The second method uses spatially adaptive wavelet thresholding
(SAWT) method proposed in [19]. The third and fifth method show the results
using locally adaptive window-based denoising using ML ({LAWML) and locally
adaptive window-based denoising using MAP (LAWMAP) methods reported in
[22]. The results are compared using the same orthonormal wavelet transform.
Results using the proposed ACWMF are presented as the fourth and sixth meth-
ods, and they are catcgorized according to the preliminary estimation process
of the variance field. The method using an approximate ML method to com-
pute the variance field will be termed as adaptive center weighted median-based
denoiwsing using ML (ACWMML). And the other method, using a approximate
MAP estimator to compute the variance field will be termed as adaptive center
weighted median-based denoising using MAP (ACWMMAP). Both the proposed
methods are simulated for different terminating conditions by varying the value of
¢ as stated in the previous chapter. Simulations reveal that the arbitration of its‘
value does not show any considerable degradation of the performance. The value
of ¢ was set to ~ 1.0exp(—6) for the ACWMML method and ~ 1.0exp(—3) for
the ACWMMAP method. The results for the different test images are presented

in the next section.

4.2.1 Lena

We begin analysis with the widely used Lena image [29]). The image neither con-
tains very large amount of high frequencies and oscillating patterns nor very large
amonnt of flat patterns. Table 4.1 shows the denoising performance in terms of
PSNR for different denoising methods as mentioned in the previous section. From
this table, it is evident that the wavelet based denoising methods outperforms
the usual pixel domain winer2 method. Among the wavelet based denoising al-
gorithms, the proposed ACWMMAP method shows the highest value of PSNR.
It is also noticed that the result obtained by the ACWMML method is very close
to the ACWMMAP method. This is due to the fact that we neglect smoothing of
some of the approximate scales and for these scales initial estimate determines the
amount of improvement. Since the ACWMMAP method takes initial estimate

from the MAP estimator that is superior to the ML estimator, it performs bet-
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Table 4.1: Results in PSNR (dB) for several denoising methods for the image
Lena.

Denoising algorithms || Noise standard deviation o,
10 15 20 25

wiener? 33.59 | 31.13 ] 29.01 | 27.20

SAWT 34.10 | 32.11 { 30.59 | 29.51

3 x 3 LAWML 33.77 | 31.37 | 29.59 | 28.11

3 x 3 ACWMML 34.42 | 32.34 | 30.81 | 29.59

3 x 3 LAWMAP 34.21 | 32.23 } 30.79 | 29.70

3 x 3 ACWMMAP 34.50 | 32.53 | 31.02 | 29.92

5 x5 LAWML 34.17 | 32.00 | 30.40 § 29.09

5 x 5 ACWMML 34.45 | 32.45 | 31.01 ; 29.87

5 x b5 LAWMAP 34.33 | 32.35 | 30.91 | 29.82

5 x5 ACWMMAP | 34.45 | 32.48 | 31.03 | 29.91

7 x 7 LAWML 34.18 | 32.07 { 30.53 | 29.31

7 x 7 ACWMML 34.28 | 32.29 | 30.82 } 29.68

7 x 7 LAWMAP 34.26 | 32.25 | 30.80 | 29.70

7x7TACWMMAP | 34.30 | 32.31 | 30.86 | 29.74

ter than the ACWMML method. It is also obvious that the performances of the
LAWMLI and LAWMAP methods are highly dependent on the window size of the
variance field estimation process, whereas both the ACWMML and ACWMMAP
methods show close results independent of the mask size. Fig. 4.1 shows the orig-
inal image Lena, a typical noisy version with o, = 20, denoised version using the
winer? method, and spatially adaptive threshold method (SAWT). It is evident
that the denoising by the SAWT method has more pleasing output than the nor-
mal pixel domain wiener filtering. Fig. 4.2 shows the comparison of the LAWML
method reported in {21] to the proposed ACWMML method. Table 4.1 shows the
results for the 512 x 512 image Lena. But for the space limitation Fig. 4.2 shows
the comparison of a close-up view of Lena having a size of 256 x 256. The improve-
ment in true size of the denoised image is difficult to understand without a careful
observation. ‘To show the details we select a section of the denoised image that
contains both the smooth regions and sharp variations and magnify it to 4 times.
The overall improvement in PSNR. is ~ 0.65 dB, and it is clear in the zoomed-in
section near the two eyes and the forchead of Lena. Fig. 4.3 shows the comparison
of the LAWMAP method reported in [21] to the proposed ACWMMAP method.
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Figure 4.1: Comparing performances of some previous methods on Lena with
a, = 20; (a) Original, (b) Noisy observation, (¢} Denoising by wiener2, (d)
Denoising by SAWT.
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(c)

Figure 4.2: Comparing the performance of LAWML method with ACWMML
method for Lena with o, = 20 and mask size 5 x 5; (a) Denoising by LAWML,
(b) Zoomed-in section (inside the square) of (a), {c) Denoising by ACWMML,
(d) Zoomed-in section of (c).
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Figure 4.3: Comparing the performance of LAWMAP method with ACWMMAP
method for Lena with o, = 20 and mask size 3 x 3; (a) Denoising by LAWMAP,

(b} Zoomed-in section (inside the square) of (a), (c) Denoising by ACWMMAP,
(d) Zoomed-in section of (c).
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Table 4.2: Results in PSNR (dB) for comparing the denoising performances of
LAWML, LAWMAP, and ACWMML with mask size 5 x 5 for different scales of
the image Lena corrupted by noise of standard deviation o,, = 15.

Scales | Denoising performance in PSNR, dB
LAWML | LAWMAP { ACWMML
HL, 34.37 34.90 35.33
LH, 32.78 - 33.03 33.29
HH, 36.62 38.58 38.67
HL, 30.59 30.61 30.69
LH, 29.34 29.35 29.38
HH, 31.75 31.91 32.01

A close-up view and its magnified version are also shown for analyzing the de-
tails. The author cannot but mention that the overall improvement of PSNR. of
the order of ~ 0.25 dB is significant (as in this case) in the literature and this
improvement is observable more clearly with a high quality printing.

Since the results in the coefficient domain may give more insight of the proposed
technique, we simulate it also in the coefficient domain. For this comparison we
choose three possible ways of smoothing by a median filter. The first one is the
straight median filter. Second, is the proposed ACWMML as in Eqn. (3.16)
except that the second term in the second condition is absent. Third, is the
proposed ACWMML method. All the performances are simulated for denois-
ing the coeflicients of Lena image degraded by a noise level of o, = 15 using
a mask size of 5 x 5. The performance comparison in terms of PSNR among
these three possible ways of smoothing is shown in Fig. 4.4 for the coefficients
in HL,, in Fig. 4.5 for the coefficients in LH;, in Fig. 4.6 for the coefficients
in HH|, in Fig. 4.7 for the coefficients in HL,, in Fig. 4.8 for the coefficients
in LH,, and in Fig. 4.9 for the coeflicients in HH,. Here all the performance
curves in Figs. 4.4, 4.5, 4.7, 4.8, 4.9, except in Fig. 4.6 reveal that the first one,
a straight median filter degrades its performance in successive iterations after
the first few iterations. The second method, which is a modified median filter
as in Eqn. (3.16) except that the second term in the second condition is absent,

shows consistent improvement and better result than the straight median filter.
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Figure 4.4: Comparing the performances of the straight median filter, ACWMML
as in Eqn. (3.16) except that the second term in its second condition is absent,
and the proposed method ACWMML for H L, coefficients of the image Lena with

0n = 15 and mask size (5 x 5).
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Figure 4.5: Comparing the performances of the straight median filter, ACWMML
as in Eqn. (3.16) except that the second term in its second condition is absent,
and the proposed method ACWMML for LH) coefficients of the image Lena with

on = 15 and mask size (5 x 5).
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Figure 4.6: Comparing the performances of the straight median filter, ACWMML
as in Eqn. (3.16) except that the second term in its second condition is absent,
and the proposed method ACWMML for H H; coefficients of the image Lena with

on = 15 and mask size (5 x 5).
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Figure 4.7: Comparing the performances of the straight median filter, ACWMML
as in Eqn. (3.16) except that the second term in its second condition is absent,
and the proposed method ACWMML for H L, coefficients of the image Lena with

on = 15 and mask size (5 x 5).
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Figure 4.10: Comparing the performances of LAWMAP method with ACWMML
method for H Ly coefficients of the image Lena with o, = 15 and mask size {(5x5);
(a) Original, (b) Noisy observation, (¢) Denoising by LAWMAP (d) Denoising by
ACWMML.
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The last method, which is the proposed ACWMML, shows faster convergence
and significant improvement than the other two in terms of PSNR. Here lies the
Justification of adding the second term in the second condition in Eqn. (3.16).
The performance curves shown in Fig. 4.6 shows a slightly different result. Here
the proposed method show a little bit less improvement than the straight median
filter, but when compare to the presented second type of smoothing it shows a
superior performance. This can be explained as — relatively smooth images have
very small number of signal coefficients in the I I scale, hence over smoothing
would perform better than constrained smoothing. For an image with high de-
tails this explanation may not be true. Moreover, all the other scales presented
here need a constrained smoothing. Considering the performance in all scales,
it can be concluded that the proposed method qualifies to produce the highest
overall improvement when comparing these three types of smoothing.

Now we can show a typical study that compares the coefficient domain denoising
performance in terms of PSNR using the ACWMML method over the LAWML
method [21] and the LAWMAP method [22]. Table 4.2 shows the improve-
ment results for the coeflicients in first and second level decomposition, using
the ACWMML method, the LAWML method, and the LAWMAP method for
the image Lena degraded by a noise level of o, = 15 using a mask size of 5 x 5. It
is found that the ACWMML method outperforms the other two in each subband
presented here. It is also noticed that the improvement in the first level is much
higher than the second level. This is due to the fact that the smoothing process
can easily eliminate noise from the high frequency level, where signal portion is
insignificant compared to the noise. On the other hand, at the higher decompo-
sition level signal portion compared to noise is relatively high, hence smoothing
process has less capability to denoise. The 3—D plot of the denoised wavelet
coeflicients for HL; using the ACWMML and LAWMAP method is shown in
Fig. 4.10 for further verification of the improved performance. As can be seen,

smoothing of the coefficients is obtained preserving the detail information.

4.2.2 Mandrill

The image Mandrill has a large amount of high frequency and oscillating patterns.

Hence, the denoising performance of many cited papers are not very attractive.
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(e)

Figure 4.11: Comparing the performance of LAWMAP method with ACWMML
method for Mandrill with o, = 20 and mask size 3 x 3; (a) Original, (b) Noisy ob-
servation, (c) Denoising by LAWMAP, (d} Zoomed-in section of (c), (e} Denoising
by ACWMML, (f) Zoomed-in section of (e).



Table 4.3: Results in PSNR (dB) for several denoising methods

Mandril,
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for the image

Denoising algorithms

Noise standard deviation o,

10 15| 20 25
wiener? 26.51 | 25.67 | 24.78 | 23.89
SAWT 20.68 | 27.10 | 25.41 | 24.19
3 x 3 LAWML 30.08 | 27.46 | 25.73 | 24.41
3 x 3 ACWMML 30.26 | 27.74 | 26.10 | 24.86
3 x 3 LAWMAP 30.08 | 27.51 | 25.83 | 24.61
3 x 3 ACWMMAP 30.25 | 27.67 { 25.97 | 24.74
5 »x 5 LAWML 30.22 | 27.68 | 26.02 | 24.78
5x 5 ACWMML 30.30 | 27.80 | 26.18 | 25.00
5 x 5 LAWMAP 30.22 | 27.69 | 26.04 | 24.83
5x 5 ACWMMAP | 30.30 | 27.78 | 26.12 | 24.91
7 x 7 LAWML 30.24 | 27.72 | 26.08 | 24.86
7x 7 ACWMML 30.27 | 27.77 | 26.15 | 24.96
7 x 7T LAWMAP 30.25 | 27.72 | 26.09 | 24.89
7x7TACWMMAP | 30.28 | 27.77 | 26.13 | 24.94

Table 4.4: Results in PSNR {(dB) for several denoising methods

MRI.

for the image

Denoising algorithing

Noise standard deviation o,

10 15 20 25
wiener? 33.60 | 31.04 | 28.91 | 27.06
SAWT 34.03 | 32.17 | 30.97 | 29.97
3 x 3 LAWML 34.01 | 31.61 | 29.90 | 28.43
3 x 3 ACWMML 34.75 | 32.70 | 31.27 | 30.07
3 x 3 LAWMAP 34.52 | 32.53 | 31.23 | 30.18
3 x 3 ACWMMAP | 34.89 | 32.89 | 31.52 | 30.41
5 x5 LAWML 34.53 | 32.39 | 30.90 | 29.61
5 x 5 ACWMML 34.86 | 32.89 ; 31.59 | 30.53
5 x 5 LAWMAP 34.73 | 32.76 | 31.45 | 30.39
5 x 5 ACWMMAP | 34.89 | 32.93 | 31.60 | 30.54
7 x 7 LAWML 34.63 | 32.56 | 31.17 | 29.98
7 x 7 ACWMML 34.75 | 32.77 | 31.46 | 30.37
7 x 7 LAWMAP 34.73 1 32.74 | 31.45 | 30.39
7x 7 ACWMMAP | 34.78 | 32.83 | 31.53 | 30.48
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Figure 4.12: Comparing the performances of the straight median filter,
ACWMML as in Eqn. (3.16) except that the second term in its second con-
dition is absent, and the proposed method ACWMML for H H; coefficients of the
image Mandril with o, = 15 and mask size (5 x 5).

However, it is often chosen as an extreme example of images having large details.
Table 4.3 shows the PSNR. values of different denoising methods. A typical im-
provement for denoising the image with o, = 20 by the ACWMML method and
the LAWMAP method with a mask size 3 x 3 is shown in Fig. 4.11. The denoised
image using the ACWMML is more smoother than LAWMAP as can be seen from
the zoomed-in section. The interesting result is found when our denoising algo-
rithm is applied on the H H, coefficients of the image Mandrill. Fig. 4.12 shows
the denoising performance using three different type of median filtering as men-
tioned in the previous section. We observe that though the straight median filter
performs slightly better than our proposed smoothing when applied to the HH,;
coefficients of the image Lena, for the same condition with the image Mandrill
the straight median filter fails to produce better results than the proposed one.
This is because, the image Mandrill has signal coefficients in HH; level higher
than the smooth image Lena. This can also be verified from Fig. 3.1, where
Mandrill has the highest average signal coefficient magnitude in LH,, LH,, HH,
level as compared to the other images presented. Hence, in conclusion, a straight

median smoothing has a greater risk of degrading its performance after first few
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iterations as compared to our proposed smoothing.

4.2.3 MRI

The image MRI is an example of the image class that has relatively more flat
regions and less amount of sharp transitions. It is a more smooth image when
compared to the image Lena. This can be verified from Fig. 3.1, where MRI
has the lowest average signal coefficient magnitude in LH,, LH,, HH, level as
compared to the other images presented. It is chosen here for simulation not
only as an example of smooth image but also as an example of the medical
imagery. The denoising performance for different methods in PSNR is shown
in Table 4.4. The improvement is quite satisfactory, for the mask size of 3 x 3
and 5 x 5. Although mask size of 7 x 7 shows improved PSNR, the smaller
window is always preferable for image smoothing by a median filter [9]. The
improvement of the ACWMML method over the LAWML method using a mask
size 5 X 5, for denoising this image corrupted by o, = 15 is shown in Fig. 4.13.
The improvement in the visual quality can be easily noticed in the zoomed-in

section presented here.

4.2.4 FEarthspace

As an astronomical image we choose the image Earthspace, which has moderate
oscillations and sharp variations. The performance in PSNR. is shown in Table
4.5. The comparison of the LAWML method with the ACWMMAP method using
a mask size 3 x 3, for denoising this image corrupted by ¢, = 15 is shown in Fig.
4.14. Although the denoising improvement can be observed in the true-size of
the image, zoomed-in sections are presented here to show it more clearly. As can
be seen the artifacts remain when the denoising method is LAWML. In contrast,
the ACWMMAP method can remove the bloches sufficiently.

4.2.5 Pentagon

The image Pentagon is chosen as an example of low altitude RADAR image.
It is a synthetic image, since its color version is transformed to grayscale. The
image has sharp transitions as in the image Mandrill. Table 4.6 shows the PSNR

improvement for different methods. Here also consistent improvement is observed.
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(f)

Figure 4.13: Comparing the performance of LAWML method with ACWMML
method for MRI with o, = 15 and mask size 5 x 5; (a) Original, (b) Noisy ob-
servation, (¢} Denoising by LAWML, (d) Zoomed-in section of (¢}, (e} Denoising
by ACWMML, (f) Zoomed-in section of (e).



Table 4.5: Results in PSNR (dB) for several denoising methods

Earthspace.
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for the image

Denoising algorithmns

Noise standard deviation o,,

10 15 20 25
wiener? 32.88 | 30.77 | 28.80 | 27.13
SAWT 32.94 1 31.09 | 29.73 | 28.61
3 x 3 LAWML 32.87 | 30.62 | 28.94 | 27.57
3 x 3 ACWMML 33.38 | 31.41 | 29.96 | 28.81
3 x 3 LAWMAP 33.23 | 31.33 | 30.03 | 28.95
3 x 3 ACWMMAP 33.41 | 31.50 | 30.18 | 29.11
5 x 5 LAWML 33.23 | 31.16 | 29.67 | 28.48
5 x 5 ACWMML 33.48 | 31.55 | 30.22 | 29.13
5 x b LAWMAP 33.36 | 31.45 | 30.15 | 29.07
5x 5 ACWMMAP | 33.45 | 31.54 | 30.22 | 29.14
7 x 7 LAWML 33.30 | 31.31 | 29.89 | 28.75
7x 7 ACWMML 33.41 | 31.48 | 30.14 | 29.06
7 x 7T LAWMAP 33.37 { 31.45 | 30.13 | 29.05
7x 7 ACWMMAP | 33.42 | 31.50 | 30.17 | 29.08

Table 4.6: Results in PSNR (dB) for several denoising methods

Pentagon.

for the image

Denoising algorithms

Noise standard deviation o,

10 15 20 25
wieners? 29.12 | 27.85 | 26.56 | 25.34
SAWT 29.88 | 27.61 | 26.16 | 25.19
3 x 3 LAWML 30.34 | 28.02 { 26.43 | 25.28
3 x 3 ACWMML 30.50 | 28.22 1 26.79 | 25.77
3 x 3 LAWMAP 30.36 | 28.10 | 26.63 ; 25.63
3 x 3 ACWMMAP | 30.48 | 28.20 | 26.69 | 25.66
5 x 5 LAWML 30.43 | 28.19 | 26.70 | 25.66
5 x 5 ACWMML 30.47 | 28.21 | 26.82 | 25.87
5 x 5 LAWMAP 30.43 | 28.20 | 26.74 | 25.74
5 x5 ACWMMAP | 30.48 | 28.25 | 26.78 | 25.76
7 x 7 LAWML 30.38 | 28.16 | 26.71 | 25.72
7 x 7 ACWMML 30.41 | 2816 | 26.77 | 25.81
7 x 7T LAWMAP 30.39 | 28.16 | 26.72 | 25.74
7x7 ACWMMAP | 3041 | 28.20 | 26.76 | 25.78
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Figure 4.14: Comparing the performance of LAWML method with ACWMMAP
method for Earthspace with o, = 15 and mask size 3 x 3; (a) Original, (b)
Noisy observation, (c¢) Denoising by LAWML, (d) Zoomed-in section of {c), ()
Denoising by ACWMMAP, (f) Zoomed-in section of (e).



95

4.3 Conclusion

In the experimental study, we have also siimulated our denoising methods on the
images like Saturn, Barbara, Peppers, Elaine, Goodhill etc. But complete results
of only a selected standard image are presented here. So that the presented results
from different angles show a more logical impression on the denoising method
proposed, we select different images with different classes based on their contents
of transitions and flat regions. Detail results for several coefficient domains are
presented for the image Lena, since it falls in the over lapping region of the two
extreme categories. As can be seen, a smoother version of the denoised image
is found without degradation of the edge information. The coefficient domain
result in the 3-D plot shows a better visualization of smoothness. Considering
the image quality, PSNR results in the tabular form, and given results in the
coeflicients domain, we can conclude that the proposed methods outperform the

popular recently reported denoising techniques.



Chapter 5

Conclusion

5.1 Summary

A wavelet domain adaptive center weighted median filter (ACWMF) has been
used successfully with the minimum mean square error (MMSE) estimator to
denoise image data corrupted by additive white Gaussian noise (AWGN). The
success of denoising by the proposed method lies in the fact that the ACWMF
provides a better estimate of the image wavelet coeflicient variance for the MMSE
over some of the recent denoising methods. Basically, the ACWMF re-estimates
a coefficient variance from a preliminary estimated one using an iterative smooth-
ing process. The purpose of the smoothing process is to account for the mismatch
between the assumed statistical model of image coefficients and the actual one. It
has been demonstrated using numerical results that a straight median smoothing
degrades the performance drastically after few iterations. As such, a constrained
smoothing process has been proposed to ensure a stable denoising performance.
To define the scale adaptive constraint, first the overall scales have been catego-
rized into two groups, namely, the signal dominant scales and the noise dominant
scales. In this work, an exponentially decaying inter scale model for image wavelet
coeflicients has been proposed to classify the scales. All the coefficient variances
in the signal dominated scales have been kept apart from the smoothing process
to avoid any risk of over-smoothing. The preliminary estimates of these coeflicient
variances determines their accuracy. Except these very few number of coeflicient
variances, all other variances underge modification. It has been shown that the
extent of modification of a coefficient variance by the proposed smoothing filter

depends on its own value as well as its local neighborhood. A straight median
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smoothing has been performed on the noise dominated regions. On the contrary,
in the signal dominated regions, smoothing is performed in such a way that the
gradient of the variance field be smoothed without significantly distorting the
signal component. For this purpose, a smoothing term from the local neighbor-
hood has been calculated, and then added to the center value within the mask.
The regions have been identified by comparing the center value of the smoothing
mask with a prescribed threshold.

The simulation results on some common standard images, have shown substantial
improvement in the denoising performance by the proposed method over some of
the recent methods in terms of peak signal to noise ratio (PSNR). To ensure that
the proposed denoising method may be applied to a broad class of images, we
have tested it on a typical smooth image, moderately smooth image, and image
with high variation. In all cases, the proposed methods have showx_l improvement
not only in the overall MSE but also in the visual quality. The numerical results
in the coefficient domain also justify the improvement in different scales as well

as the convergence of the iterative process.

5.2 Future Work

The work may be extended in several ways. Smoothing of the variance field of
some coarse scales are neglected here. More accurate model of inter and inner
scale statistics can be exploited for smoothing of these variance fields. Choosing
of the mask size both for preliminary estimation and smoothing process is a
crucial one. The larger the mask size the better the assumption of Gaussian
statistics, On the other hand, the smaller the mask size the greater the chance
of contrast invariant smoothing by the median operator. Moreover, the coarse
scales are dominated by the signals having a number of coefficients smaller than
their immediate finer scales. Then it is intuitive that the mask size of these
coarse scales should be smaller than the detail scales. Hence, adaptation of the
mask both in inner and inter scales may provide better performance. Another
way is to select a best weighting function for the difference term in the ACWMF,
which is added to the center value within the concerned mask. Finally, as the
smoothing process presented here is iterative, computational expense cannot be

neglected. Without using the same stopping criterion for all scales as described
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in our presented result, a scale variant stopping criterion may significantly reduce

the computational burden.
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