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ABSTRACT

Digital images can be degraded by noise during the process of acquisition,
transmission, storage or compression. It is necessary to remove the noise in the image
before the image is suitable for different processing operations. Image denoising is a
process which is deployed to remove the noise through the manipulation of image
data to recover quality image from the noisy image. The image denoising process
should be such that the original image can be recovered without losing important
features such as edges, corners and textures. One of the powerful and perspective
approaches in this area is image denoising using discrete wavelet transform. This
work combines genetic algorithm with wavelet based denoising methods. During the
evolutionary process, wavelet based denoising methods are applied as local search
operators and filtering techniques are applied as mutation operators. A set of digital
images, commonly used by the scientific community as benchmarks, is contaminated
by different level of additive Gaussian noise and the proposed algorithm is used to
reduce the noise level in the image. The results in terms of PSNR & SSIM values
obtained by the proposed method shows that application of genetic algorithm can
improve the result obtained from wavelet based denoising methods. Also the proposed
method is compared against denoising methods in the literature. On average it

outperforms the compared methods in terms of PSNR & SSIM values

Keywords: Image denoising, Wavelet transform, Threshold, Feature preservation,

Genetic Algorithm, Mutation
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CHAPTER 1: INTRODUCTION

1.1. Background

The use of digital images has been rapidly increased in the applications of digital
world such as Digital cameras, Satellite Television, Magnetic Resonance Imaging
(MRI), Geographical Information System (GIS) etc. Image information i.e.
information transmitted in the form of digital images, is one of the recent trends. One
of the most interesting aspects of this information revolution is the ability to send and
receive complex data that are beyond the capability of ordinary written text. Image
processing is one form of signal processing for which the input is an image i.e.
photographs or frames of video and the output can be either an image or a set of
characteristics or parameters related to the image. The majority of image processing
techniques involve treating the image as a two-dimensional signal and applying
standard signal processing techniques to it.

Generally, data sets collected by image sensors are contaminated by noise. Imperfect
instruments, problems with data acquisition process, and interfering natural
phenomena can all corrupt the data of interest. Various types of noise present in
image are Gaussian noise, Salt &Pepper noise and Speckle noise. Image denoising is
necessary to obtain best approximation of the original digital image from the received
noisy image. Image denoising techniques are used to suppress these types of noises
while retaining the important image features such as corners & edges. Noise
suppression can introduce artifacts or cause image blurring, which makes image
denoising a complex task. Several approaches have been proposed to remove noise in
digital images; however, each one explores specific aspects of the problem.

Spatial filters like mean and median filter are used to remove the noise from image.
But the disadvantage of spatial filters is that these filters not only smooth the data to
reduce noise but also blur edges in image. Therefore, Wavelet Transform is used to
preserve the edges of image. It is a powerful tool of signal or image processing for its

multi-resolution possibilities.

For this work, Genetic Algorithm (GA) is proposed for image denoising that
integrates GA with image denoising method. The method evolves the images that are

restorations of noisy images. Mutation is applied over such noisy images to create an



initial population. The population is evolved for certain time and the best found

individual is returned as restored image.

1.2. Problem Statement
Noise can get added in images during acquisition or during transmission. The main
aim of an image denoising algorithm is to reduce the noise level, while preserving the

image features.

The multi resolution analysis performed by the wavelet transform has been shown to
be a powerful tool to achieve these goals. In wavelet domain, the noise is uniformly
spread throughout the coefficients, while most of the image information is
concentrated in the few largest coefficients. The most straightforward way of
distinguishing information from noise in the wavelet domain consists of thresholding

the wavelet coefficients.

GA in image denoising evolves images that are restorations of noisy images.
Combination of GA with denoising methods can bring significant gain as compared to
using GA only. In this research the GA is proposed to be combined with wavelet

denoising methods.

1.3. Objectives
a)  To denoise the noisy image by wavelet thresholding method.

b)  To improve the image obtained in (a) by application of Genetic Algorithm.



CHAPTER 2: LITERATURE REVIEW

The most common techniques for performing image denoising are based on filters that
smooth the images in order to suppress noise. However, these techniques in general
also degrade important features of the images, such as edges, corners and texture. The
filters used to suppress noise in images are classified as linear and non-linear filters.
Linear filters can be expressed as a convolution of a kernel (filter) through a noisy
image to produce the resulting image. On the other hand, any filter that cannot be
represented as a convolution operation is a non-linear filter. A linear filter that is
widely used for image denoising is the Wiener filter, which works by minimizing the
mean squared error between the recovered and the original images. On the other hand,
a commonly used non-linear filter is the median filter, which replaces the value of

each pixel by the median value of neighbourhood pixels [3].

There are other techniques that aim at removing as much noise as possible, trying to
preserve important features of the images. The total variation (TV) methods consider
that the noisy signals in an image have high total variation and perform the denoising
process by minimizing these signals [4—6]. Methods such as anisotropic and isotropic
diffusion, on the other hand, use a function to identify the edges present in an image.
These techniques diffuse the image continuously, smoothing it in the process, but they
are able to identify when to stop the diffusion process through this edge-aware
function. Therefore, they can produce an image that is smoothed and preserve its
edges [7, 8].

An example of anisotropic diffusion method is presented by Black et al. [9]. This
method assumes that the noisy image is a piecewise defined function that has been
corrupted by a Gaussian noise with zero mean and a small variance. Moreover, it is
also assumed that the difference between a pixel and its neighbours must be small and
follow a normal distribution with zero mean. When the difference between a pixel and
its neighbours does not fit in this pattern, it must be an edge region. Based on these
assumptions and using statistical analysis, they were able to create a new edge
stopping function that makes it possible to smooth the image without suppressing

relevant information about edges.

Many denoising methods operate in the frequency domain, where techniques as

Fourier or wavelet transforms are used, such that an image is represented by its

3



frequencies instead of being represented by a spatial function (f(x, y)). The BM3D
[10] is one of these methods, which uses sliding windows to run through the image
and create blocks in a first step. In the second step, similar blocks are stacked together
and transformed to the frequency domain. The blocks are filtered in a third step by an
adapted Wiener filter and, finally, the restored image is constructed by weighing the

values of the blocks that were grouped together.

Some of the most effective image denoising techniques rely on wavelet transforms. A
common approach consists in searching for thresholds that limit the wavelet
coefficients linked to the noisy frequencies. This process, commonly called wavelet
shrinkage, is basically composed of three phases: (i) transform the image to the
wavelet domain; (ii) estimate the thresholds and suppress the noise through a
shrinkage rule; (iii) perform the inverse transformation and, therefore, retrieve the
restored image [17, 11].

A method based on the concepts of wavelet shrinkage is introduced in [11]. First, the
image is divided into a set of blocks that are transformed to the wavelet domain. Next,
an edge detection algorithm is applied and the thresholds for the sub-band are
estimated. Then, the wavelet coefficients have their threshold limited adaptively
regarding their sub-bands. After this step, a shrinkage rule is applied to identify and
suppress the noisy coefficients in the image. Finally, the inverse transform is
performed on the blocks and the restored image is reconstructed. A different approach
to wavelet shrinkage was proposed by Ghael et al. [13]. In this technique, a wavelet
shrinkage estimate is used to create a Wiener filter in the wavelet domain. Due to the
fact that the filter is specially designed and takes into account the wavelet coefficients

of the image, the technique becomes able to produce high quality outputs.

Most of the image denoising techniques consider a model where an image was
corrupted by an additive white Gaussian noise. Other methods have been specially
proposed to suppress non-Gaussian or non-additive noise. The work by Deledalle et
al. [14] shows a non-local mean method where, instead of simply calculating an
Euclidean distance to define the averages of similar pixels, it provides statistical basis
to define a weighted maximum likelihood estimator. This estimator takes into account
the distribution of the noise, reaching impressive results for SAR images corrupted

with a multiplicative speckle noise.



Ishikawa [15] considers an image as a Markov Random Field (MRF), which is
described as an undirected graph that represents a set of random variables (vertices).
In this case, the pixels are the vertices and the edges in the graph are the
neighbourhood relationship between pixels. Each vertex of the graph can assume a
range of values L, where the possibility of a vertex assuming a determined value is
given by a probability function P(X), with X being a state of the graph. The image
denoising problem is modelled as a minimum cut problem, where it is expected that
the cost of the graph cut is the same as the energy function of the MRF. Therefore,
minimizing the energy function could be considered as finding the minimum cut of
the graph [15].

In the literature, there are also different evolutionary approaches to dealing with noisy
images. Some of these methods are used to estimate the thresholds to perform wavelet
shrinkage, as described in [16] that applied a Differential Evolution Strategy. The
authors in [12] find threshold values using a Multi-Objective Genetic Algorithm.

A genetic algorithm is proposed by [1] to perform image denoising, where the images
are individuals and a population evolves applying tailor-made crossover and mutation
operators. The new individuals are created by crossover operators exchanging pieces
of images, while the mutation operators are simple filters such as averaging filters,
median filters and Gaussian filters applied over the images.



CHAPTER 3: RELATED THEORY

3.1. Noise in Images

In this section various types of noise corrupting an image signal are studied. The
sources of noise are discussed and mathematical models for the different types of
noise are presented.

3.1.1. Sources of Noise

During acquisition, transmission, storage and retrieval processes an image signal gets
contaminated with noise. Acquisition noise is usually Additive White Gaussian Noise
(AWGN) with very low variance. In many engineering applications, the acquisition
noise is quite negligible. It is mainly due to very high quality sensors. In some
applications like remote sensing, biomedical instrumentation, etc., the acquisition
noise may be high enough. But in such a system, it is basically due to the fact that the
image acquisition system itself comprises of a transmission channel. Hence the
researchers are mainly concerned with the noise in a transmission system; usually the
transmission channel is linear but dispersive due to a limited bandwidth. The image

signal may be transmitted either in the analog form or in digital form.

When an analog image signal is transmitted through a linear dispersive channel, the
image edges get blurred and image signal gets contaminated with AWGN since no
channel is noise free. The noise introduced in the transmission channel of a
communication system will be considered in analog form. If the channel is so poor
that the noise variances is high enough and make the signal excursive to very high
positive or high negative value, the thresholding operation which is done at the front
end of the receiver will contribute to saturated maximum and minimum values. Such
noisy pixels will be seen as white and black spots. Therefore this type of noise is
known as Salt and Pepper Noise (SPN). If analog image signal is transmitted the
signal gets corrupted with AWGN and SPN as well. Thus there is an effect of mixed
noise. If the image signal is transmitted in digital form through a linear dispersive
channel, then a noise is introduced due to Bit Error called Inter Symbol Interference
(I1SI) which takes place along with AGWN which makes the situation worse. Due to
ISI and AWGN, it may happen that 1 may be recognized as 0 and vice versa. Under

such circumstance, the image pixel values have changed to some random values at



random positions in the image frame. Such type of noise is known as Random-
Valued Impulse Noise (RVIN).

3.2. Mathematical Representation of Noise
The mathematical representation of AWGN, SPN and SN are discussed in this

section.

3.2.1. Gaussian Noise
It is evenly distributing over the signal. This means that each pixel in the noisy image
is the sum of true pixel values and random Gaussian distributed noise value is given
by,

nawen (£) =g (0 (3.1)

fawen = f(x,y) + nc(x,y) (3.2)

where ng a random variable which has a Gaussian probability distribution with bell
shaped probability distribution function given by
(3.3)

F(g) = e_(g_m)Z/ZO.Z
2To2

where g represents the gray level, m is the average or mean of the function and o is

standard deviation of the noise.

Figure 3.1: Representation of Additive White Gaussian Noise Distribution

Graphically it is represented as shown in Figure 3.1. In Equation 3.2 the noisy image

is represented as the sum of original uncorrupted image and Gaussian distributed



random noise ng . When the variance of the random noise ng is very low, ng(X,y) is
zero or very close to zero with many pixel locations. Under such circumstances the

noisy image fawen IS same or very close to original image at many pixel location

x.y).

3.2.2. Salt & Pepper Noise

SPN is caused generally due to error in data transmission. It has only two possible
values a and b. The probability of each is less than 0.1. The corrupted pixels are set
alternatively to the minimum or to the maximum value, giving the image a “salt and
pepper” like appearance. Unaffected pixels remain unchanged. For an 8-bit image, the
typical value for pepper noise is 0 and for salt noise 255. The salt and pepper noise is
generally caused by malfunctioning of pixel elements in the camera sensors, faulty
memory locations, or timing errors in the digitization process. The probability density
function for this type of noise is shown in Fig. 1.3. The impulse noise occurs at
random locations (x,y) with a probability of d. The SPN and RVIN are substitute in
nature. An image corrupted with RVIN of density d, frvin(X,y)is mathematically
represented as

f(x,y) with probabilityp =1 — d} (3.4)

frvay (0 y) = {n(x, y) with probability p = d

Here n(X,y) represents a uniformly distributed random variable, ranging from 0 to 1
that replaces the original pixel value f (x, y) . The noise magnitude at any noisy pixel

location (x, y) is independent of the original pixel magnitude.

p(2)

o
Impulse

Po [

a b

Figure 3.2: Representations of Salt and Pepper Noise Distribution



3.2.3. Speckle Noises

This type of noise occurs in almost all coherent imaging systems such as laser,
acoustics, SAR (Synthetic Aperture Radar) in bio medical applications like ultrasonic
imaging. The SN is a signal dependent noise i.e., if the image pixel magnitude is high,
then the noise is also high. Therefore it is also known as multiplicative noise and is
given using Equation 3.5 & 3.6.

Nsy (1) = n(t).s(t) (3.5)

fon(xy) = f(x,y) + n(xy)-f(x,y) (3.6)

where n(t) is a random variable and s(t) is the magnitude of the signal. The noise is
multiplicative since the imaging system transmits a signal to the object and the
reflected signal is recorded. Speckle Noise follows a gamma distribution given using

Equation (3.7).

gt e (3.7)

(o — 1)!:;10‘e

where aa. is variance and g is the gray level and is given below in Figure 3.3.

F(g) =

f(g)

T

9
Figure 3.3: Representation of Speckle Noise Distribution

The speckle noise is encountered only in a few applications like ultrasonic imaging
and SAR, whereas all other types namely AWGN, SPN and RVIN occur in almost all

applications. The AWGN is the most common among all. In general, some



combinations of AWGN, SPN and RVIN may represent a practical noise. Such type

of noise is known as Mixed Noise.

3.3. Denoising

De-noising plays a important role in the field of the image pre-processing. It is often a
necessary step to be taken, before the image data is analyzed. It attempts to remove
whatever noise is present and retains the significant information, regardless of the
frequency contents of the signal. De-noising has to be performed to recover the useful
information. In this process much concentration is spent on, how well the edges are

preserved and, how much of the noise granularity has been removed.

3.4. Classification of Denoising Methods
There are two basic approaches to image denoising, spatial domain filtering methods

and transform domain filtering methods.

3.4.1. Spatial Domain Filtering Methods
A traditional way to remove noise from image data is to employ spatial filters. Spatial

filters are further classified into linear filters and non linear filters.

3.4.1.1. Linear Filters

Most classical linear image processing techniques are based on the assumption that
image processing applications in which both edge enhancement and noise reduction
are desired, linear filters tend to blur sharp edges, destroy lines and other fine image

details and perform poorly in the presence of signal dependent noise.

3.4.1.2. Non Linear Filters

Non linear filters modify the value of each pixel in an image based on the value
returned by a non linear filtering function that depends on the neighbouring pixels.
Non linear filters are mostly used for noise removal and edge detection. The
traditional non linear filters are the median filter. Spatial filters employ a low pass
filtering on groups of pixels with the assumption that the noise occupies the higher
region of frequency spectrum. Generally spatial filters remove noise to a reasonable
extent but at the cost of blurring images which in turn make the edges in pictures

invisible.
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3.4.2. Transform Domain Filtering Methods

The Transform Domain Filtering methods can be classified according to the choice of
the basis or analysis function. The analysis functions can be further classified as
Spatial Frequency Filtering and Wavelet domain

3.4.2.1. Spatial Frequency Filtering

Spatial Frequency Filtering refers to low pass filters using Fast Fourier Transform
(FFT). In frequency smoothing methods the removal of the noise is achieved by
designing a frequency domain filter and adapting a cut-off frequency to distinguish
the noise components from the useful signal in the frequency domain. These methods
are time consuming and depend on the cut-off frequency and the filter function

behavior. Furthermore they may produce frequency artifacts in the processed image.

3.4.2.2. Wavelet Domain

Noise is usually concentrated in high frequency components of the signal which
corresponds to small detail size when performing a wavelet analysis. Therefore
removing some high frequency (small detail components) which may be distorted by
noise is a denoising process in the wavelet domain. Filtering operations in wavelet
domain can be categorized into wavelet thresholding, statistical wavelet coefficient

model and undecimated wavelet domain transform based methods.

3.5. Wavelets

The concept of wavelet was hidden in the works of mathematicians even more than a
century ago. In 1873, Karl Weirstrass mathematically described how a family of
functions can be constructed by superimposing scaled versions of a given basis
function. The term wavelet was originally used in the field of seismology to describe
the disturbances that emanate and proceed outward from a sharp seismic impulse.
Wavelet means a “small wave”. The smallness refers to the condition that the window
function is of finite length compactly supported. A wave is an oscillating function of
time or space and is periodic. In contrast, wavelets are localized waves. They have
their energy concentrated in time and are suited to analysis of transient signals.

In wavelet analysis, the signal to be analyzed is multiplied with a wavelet function
and then the transform is computed for each segment generated. The Wavelet
Transform, at high frequencies, gives good time resolution and poor frequency
resolution, while at low frequencies; the Wavelet Transform gives good frequency

11



resolution and poor time resolution. An arbitrary signal can be analyzed in terms of
scaling and translation of a single mother wavelet function (basis). Wavelets allow
both time and frequency analysis of signals simultaneously because of the fact that the
energy of wavelets is concentrated in time and still possesses the wave-like (periodic)
characteristics. As a result, wavelet representation provides a versatile mathematical
tool to analyze transient, time-variant (non stationary) signals that are not statistically
predictable especially at the region of discontinuities -a feature that is typical of
images having discontinuities at the edges.
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3.5.1. Types of Wavelet Transform

Wavelets capability to give spatial frequency information is the main reason for this
investigation. This property promises the possibility for better discrimination between
the noise and the data. Successful exploitation of wavelet transform might lessen the

blurring effect or even overcome it completely. There are mainly two types of wavelet
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transform namely Continuous Wavelet Transform (CWT) and Discrete Wavelet
Transform (DWT).

3.5.1.1. Continuous Wavelet Transform (CWT)

CWT is an implementation of the wavelet transform using an arbitrary scales and
almost arbitrary wavelets. Non-orthogonal wavelets are used for its development in
the data obtained by this transform for highly correlated. CWT works by computing a

convolution of the signal with the scaled wavelet .

3.5.1.2. Discrete Wavelet Transform (DWT)

DWT of image signals produces a non-redundant image representation, which
provides better spatial and spectral localization of image formation compared with
other multi scale representation such as Gaussian and Laplacian pyramid. The DWT
can be interpreted as signal decomposition in a set of independent spatially oriented
frequency channels. The signal is passed through two complementary filters and
emerges two signals, approximation and details. This is called decomposition or
analysis.

The components can be associated back into the original signal without loss of
information. This process is called reconstruction or synthesis. The mathematical
manipulation, which implies analysis and synthesis, is called Discrete Wavelet
Transform and Inverse DWT.

3.6. Discrete Wavelet Transform

In numerical analysis and functional analysis, a discrete wavelet transform (DWT) is
any wavelet transform for which the wavelets are discretely sampled. Image is filtered
by low pass (for smooth variation between gray level pixels) and high pass filter (for
high variation between gray level pixels). Image is decomposed into multilevel which
include approximation details (LL sub-band), horizontal detail (HL sub-band),
vertical detail (LH sub-band) and diagonal details (HH sub-band).

The discrete wavelet transform uses low-pass and high-pass filters, h(n) and g(n), to
expand a digital signal. They are referred to as analysis filters. The dilation performed
for each scale is now achieved by a decimator. The coefficients cx & dk are produced
by convolving the digital signal, with each filter, & then decimating the output. The ¢y
coefficients are produced by the low-pass filter, h(n) and called coarse coefficients.

The dy coefficients are produced by the high pass filter and called detail coefficients.

13



Coarse coefficients provide information about low frequencies, & detail coefficients
provide information about high frequencies. Coarse & detail coefficients are produced
at multiple scales by iterating the process on the coarse coefficients of each scale. The

entire process is computed using a tree-structure filter bank, as shown in figure 3.6.

H 112
O B L
oy ] M@ 42 .
Gz |2 —
H(Z) | l2 l dg(n)
. G(z) | 12
n)= —
Co(N) 6@ | 12 | dz(n)
di(n)

Figure 3.6: Analysis filter bank

After analyzing, or processing, the signal in the wavelet domain it is often necessary
to return the signal back to its original domain. This is achieved using synthesis filters
and expanders. The wavelet coefficients are applied to a synthesis filter bank to

restore the original signal, as shown in Figure 3.7.

c3(n)
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; = T2 1 H(2)
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Figure 3.7: Synthesis filter bank

The discrete wavelet transform has a huge number of applications in science,

engineering & mathematics and computer science. The wavelet domain representation
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of an image, or any signal, is useful in many applications, such as compression, noise

reduction, watermarking etc.

The two dimensional discrete wavelet transform is essentially a one dimensional
analysis of two dimensional signal. It operates on one dimension at a time, by
analyzing the rows & columns of an image in a separable fashion. The first step
applies the analysis filters to the rows of an image. This produces two new images,
where one image is set of coarse row coefficients, & the other a set of detail row
coefficients. Next analysis filters are applied to the column of each new images, to
produce four different images called sub bands. Rows and columns analyzed with a
high pass filter are designated with H. Similarly, rows and columns analyzed with a
low pass filter are designated with L. For example, if a sub-band image was produced
using a high pass filter in the rows and a low pass filter on the columns, it is called the

HL sub-band. Figure 3.8 shows this process in its entirety.

Apply to columns Axd

Apply to rows H(z) l 2 LL |
Hz) | l2 L L
G(2) l 2 LH ||
8x4 DWT
image Apply to columns  4x4 THET
8x8 g
Apply to columns axd LH | HH
H(2) lz HL | 8x8
G(z) lz et
Apply to rows G(2) l 2 HH L
8x4

Apply to columns ~ 4x4

Figure 3.8: Two Dimensional DWT

Each sub-band provides different information about the image. The LL sub-band is a
coarse approximation of the image & removes all high frequency information. The

LH sub-band removes high frequency information along the rows & emphasizes high
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frequency information along the columns. The result is an image in which vertical
edges are emphasized. Similarly, the HL sub-band emphasizes horizontal edges, & the
HH sub-band emphasizes diagonal edges. To compute DWT of the image at the next
scale the process is applied again to the LL sub-band.

Each level of the wavelet decomposition, four new images are created from the
original N*N pixel image. The size of these new images is reduced to one-fourth of
the original size i.e. the new size is N/2 * N/2. The new images are named according
to the filter (low-pass or high-pass) which is applied to the original image in
horizontal and vertical directions. For example, the LH image is a result of applying
the low-pass filter in horizontal direction and high-pass filter in vertical direction.
Thus, the four images produced from each decomposition level are LL, LH, HL &
HH. The LL image is considered a reduced version of the original as it retains most
details. The LH image contains horizontal edge features, while the HL contains
vertical edge features. The HH contains high frequency information only & is
typically nosy & is, therefore, not useful for the registration. In wavelet

decomposition, only LL image is used to produce the next level of decomposition.

LLs | HLs
LHs | HH; HL
HL,
LH, HH,
LH, HH,

Figure 3.9: Image Decomposition using DWT
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3.7. Wavelet Thresholding

In wavelet, coefficients with small absolute value are dominated by noise, while

coefficients with large absolute value carry more signal information than noise.

Replacing noisy coefficients (small coefficient below a certain threshold value) by

zero and an inverse wavelet transform may lead to a reconstruction that has lesser

noise. The idea of thresholding was motivated based on the following assumptions:

e The decor relating property of a wavelet transform creates a sparse signal most
untouched coefficients are zero or close to zero.

e Noise is spread out equally along all coefficients.

e The noise level is not too high so that the signal wavelet coefficients can be
distinguished from the noisy ones.

This method is a simple and efficient for noise reduction. Further, inserting zeros

creates more scarcity in the wavelet domain.

3.7.1. Thresholding Method

Hard and soft thresholding techniques are used for purpose of image denoising. In
both cases the coefficients with magnitudes less than the threshold are set to zero. The
difference between these two thresholding operations lies in how they deal with
coefficients that are greater in magnitude than the threshold. In the case of soft
thresholding, the coefficients greater in magnitude than the threshold are shrunk
toward zero by subtracting the threshold value from the coefficient value whereas in
hard thresholding the coefficients greater in magnitude than threshold are left
unchanged. As soft thresholding gives more visually pleasant image and reduces the
abrupt sharp changes that occurs in hard thresholding, therefore soft thresholding is
preferred over hard thresholding.

The Hard Thresholding Ty is defined as:

x for x| >t
Ty = { } @9

0 in all other regions

The Soft thresholding Ts is defined as:

TS =

sign(x)(|x| — t) for|x| >t
{ } 9

0 in all other regions
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Figure 3.10: Hard & Soft Thresholding Operation
3.7.2. Threshold Selection Rules

In image denoising application, PSNR needs to be maximized, hence optimal value
should be selected. Finding an optimal value for thresholding is not an easy task. If
we select a smaller threshold then it will pass all the noisy coefficients and hence
resultant images may still be noisy but larger threshold makes more number of
coefficients to zero, which provides smoothness in image and image processing may
cause blur and artifacts, and hence the resultant images may lose some signal values.

Some of the thresholding schemes are discussed below:

3.7.2.1. Universal Threshold

The value of universal threshold is given by the following equation:

T = o,/ 2logM (3.10)

where o being the noise variance and M is the number of pixels. It is optimal
threshold in asymptotic sense and minimizes the cost function of difference between
the function. It is assumed that if number of samples is large, then the universal

threshold may give better estimate for soft threshold.

3.7.2.2. Visu Shrink

Visu Shrink is thresholding by applying the threshold proposed by Donoho &
Johnston. It follows hard threshold rule. The drawbacks of this shrinkage is that
neither speckle noise can be removed nor MSE can be minimized. It can only deal

with additive noise. The threshold T can be calculated using the formula:
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Ty = o4/ 2logN (3.11)

where o is the noise variance and N represents the size of original image i.e. total

number of pixels in the image.

3.7.2.3. Bayes Shrink

The Bayes Shrink method has been attracting attention recently as an algorithm for
setting different thresholds for every sub band. Here sub-bands refer to frequency
bands that are different from each other in level and direction. Bayes Shrink uses soft
thresholding. The purpose of this method is to estimate a threshold value that
minimizes the Bayesian risk assuming Generalized Gaussian Distribution (GGD)

prior. Bayes threshold is defined as:
Tg = 0,%/0F (3.12)

where o, is the estimated noise variance by robust median estimator and of is
estimated signal standard deviation in wavelet domain. The robust median estimator is

stated as in equation (3.13).

Median({Y;;})
~0.6745

2

On , Yjj€ subband HH; (3.13)

This estimator is used when there is no a priori knowledge about the noise variance.

The estimated signal standard deviation is calculated using equation 3.14.

or = y/max((oy? — 0,,2),0) (3.14)

where, ov? is the variance of Y. Since Y is modelled as zero-mean, oy can be found
empirically by equation 3.15.
1 n

2 — 2
ot =13, (3.15)

Incase ©,>> GYZ, or Will become 0. That is, Tg becomes o. Hence, for this case

Te=max({lYi[})-

3.7.2.4. Neigh Shrink
Chen et al. proposed a wavelet-domain image thresholding scheme by incorporating
neighbouring coefficients, namely NeighShrink [19]. The method thresholds the
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wavelet coefficients according to the magnitude of the squared sum of all the wavelet
coefficients, i.e.,, the local energy within the neighborhood window. The
neighborhood window size may be 3x3, 5x5, 7x7, 9x9, etc. But, the authors have
already demonstrated through the results that the 3x3 window is the best among all
window sizes . The shrinkage function for NeighShrink of any arbitrary 3x3 window

centred at (i,)) is expressed as in equation 3.16.

Ty

2
v/t

)

where Ty is the universal threshold and s;? is the squared sum of all wavelet

coefficients in the respective 3x3 window given by equation 3.17

2 j+1 i+1 2
Sij = Z Z Ym,n (317)
n=j—1 m=i—1

where, + sign at the end of the formula means to keep the positive values while setting
it to zero when it is negative. The estimated center wavelet coefficient F; is then
calculated from its noisy counterpart Yj; as in equation 3.18.

Fj = Ty Yj (3.18)

3.8. Genetic Algorithm

The genetic algorithm is a method for solving both constrained and unconstrained
optimization problems that is based on natural selection, the process that drives
biological evolution. The genetic algorithm repeatedly modifies a population of
individual solutions. At each step, the genetic algorithm selects individuals at random
from the current population to be parents and uses them to produce the children for
the next generation. Over successive generations, the population "evolves" toward an
optimal solution. We can apply the genetic algorithm to solve a variety of
optimization problems that are not well suited for standard optimization algorithms,
including problems in which the objective function is discontinuous, non-
differentiable, stochastic, or highly nonlinear. The genetic algorithm can address
problems of mixed integer programming, where some components are restricted to be

integer-valued.
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The genetic algorithm uses three main types of rules at each step to create the next

generation from the current population:

e Selection rulesselect the individuals, called parents, that contribute to the

population at the next generation.
e Crossover rules combine two parents to form children for the next generation.
e Mutation rules apply random changes to individual parents to form children.
3.9. Genetic Algorithm Terminology

3.9.1. Fitness Functions
The fitness function is the function we want to optimize. For standard optimization

algorithms, this is known as the objective function.

3.9.2. Individuals
An individual is any point to which we can apply the fitness function. The value of
the fitness function for an individual is its score. An individual is sometimes referred

to as a genome and the vector entries of an individual as genes.

3.9.3. Populations and Generations
A population is an array of individuals. At each iteration, the genetic algorithm
performs a series of computations on the current population to produce a new

population. Each successive population is called a new generation.

3.9.4. Fitness Values and Best Fitness Values

The fitness value of an individual is the value of the fitness function for that
individual. If our objective is to find the minimum of the fitness function,
the best fitness value for a population is the smallest fitness value for any individual

in the population.

3.9.5. Parents and Children

To create the next generation, the genetic algorithm selects certain individuals in the
current population, called parents, and uses them to create individuals in the next
generation, called children. Typically, the algorithm is more likely to select parents

that have better fitness values
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CHAPTER 4: METHODOLOGY

This work is proposed based on the Genetic Algorithm where a noisy image 1 is used
as input and the population is created by applying mutation operators on the noisy
image. Furthermore, some of the crossover operators are the same introduced in [1].
However, this work proposed to combine the GA with image denoising technique
using wavelets, which is different from the work in [1]. Each individual in this work
will be represented by a two-dimensional array of pixels whose values are integers in
the interval [0, 255].

The basic block diagram of the proposed method is mentioned in the following

section.

4.1. Block Diagram

: Create
Noisy s Initial ' | Calculate | Select :
Image : \ | fitness value Parents :

Population ! :

E v i

| Crossover !

i E A 4 i

?ztalect Im;alge with tbes:tt ) | Population | v |
itness value as outpu ! Restart |

Figure 4.1: Block Diagram of Proposed Method
Each part of the block diagram is described briefly in the following section:

4.1.1. Population Initialization
The algorithm will start initializing its population of images following two steps.
First, the input noisy image will be set as the initial individual that will be applied to
three wavelet based denoising techniques:

e Visu Shrink

e Bayes Shrink
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e NeighSure Shrink
These methods will be used as local search operators to improve the initial individual
(original noisy image). Then a denoised image will be returned by each of the three

wavelet based denoising techniques.

1. Gaussian Filter
2. Averaging Filter
3. Intensity Change

Repeat till population size is
reached

Pass through 3 |

Noisy deno_ising n_1ethods: |
Image | > 1. Visu Shrink — Initial
2. Neigh Shrink Population:

3. Bayes Shrink i lvisus Ineigh, lbayes i

s : z

Randomly select

one image from

E Ivisw Ineigha Ibayes i

| | v |

| t | Pass the selected image

Final | through one of the mutation
Population < operator randomly:

Figure 4.2: Procedure for initializing the population

The outcomes of these methods will be included in the initial population. Thus, we

will have three individuals in the initial population at the end of the first step.

In the second step, one of these three outputs will be randomly chosen and submitted
to a mutation operation, which will be also chosen randomly. The mutation operator is
described as follows:

e Gaussian blur: filters the image with a Gaussian filter. The size of the filter

will be chosen randomly between 3x3 pixels and 5x5 pixels.
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e Averaging filter: filters the image with an averaging filter. The size of the
filter will be chosen randomly between 3x3 pixels and 5x5pixels.
e Intensity change: all the pixels of the image will be multiplied by the same

random factor, which lightens or darkens the image as a whole.

These filters are named as mutation operators since they will apply some changes in
the image recovered by the previous denoising methods. The resulting image will be
included in the population, so the second step continues until the population size has
been reached. At the end of this process, the initial population will be formed by the
outputs of the three image denoising methods and by the images submitted to the

mutation rounds. Figure 4.2 illustrates the two steps of this initialization procedure.

4.1.2. Fitness Evaluation

This algorithm will be guided by the fitness function expressed in Equation (4.1).

fitness(I) = (Z J1+ BZ|VI|2> +%(I —1p)? (4.2)
Q

This function is aware of the image edges and tries to preserve important features of
the image as described in [18]. The term (I-15)? guarantees a certain degree of fidelity
between the image being evaluated and the original image, where I is the image being
evaluated and Iy the noisy image. The parameter VI is a total variation regularizing
term, B and A are balancing parameters and Q is the set of all points in the image. By
minimizing Equation (4.1) we, are basically trying to reduce the total variation of the

image while preserving fidelity in relation to the original image.

4.1.3. Parent Selection
Parents are chosen by a tournament selection process for crossover operation until the
interim population size is reached. Out of the images selected as per tournament size,

individual with better fitness value is selected as a parent.

4.1.4. Crossover
After the selection of the parents, the new individual will be created by randomly

choosing one out of three crossover operators presented next:
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e one-point row: a row of pixels is randomly chosen. All the pixels above this
row will come from one parent and all the pixels below this row will come
from the second parent.

e one-point column: similar to the previous method, but a column is chosen
rather than the row.

e point-to-point random: randomly chooses each pixel from one of the parents

until the new individual is created.

4.1.5. Mutation

After the crossover operator, the new individual may also pass through a local search
operator, when a randomly chosen value from [0, 1] is lower than the local search rate
of the algorithm. If an individual is selected for mutation, it will be done by a
denoising method chosen at random out of the three: Visu Shrink, Neigh Shrink or

Bayes Shrink.

4.1.6. Population Replacement and Intermediate Population

During the evolutionary process, the population will continue to evolve while there is
no change in the best individual for a number of iterations. When this number is
reached, the population will be restarted keeping only the best individual found so far.
The other individuals will be generated again by the initialization procedure
previously described. An intermediate population will be created applying crossover
and local search operators through the evolutionary process. This population will be
two times larger than the population size, formed by the individuals of the current
population and those new generated individuals. Such individuals will be created by

crossing over parents that are chosen by a tournament selection process.

Once the intermediate population is completed, all of its individuals will be sorted
according to their fitness values and the best population size individuals become the

population for the next iteration.

4.1.7. Termination Condition
The evolutionary process will run for a fixed amount of time. After that, the algorithm
returns the best individual i.e. image with best fitness value (minimum fitness value in

this case) from the population of the last generation.
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4.2. Flow Chart
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Figure 4.3: Flowchart for the proposed method
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4.3. Comparison Metrics
4.3.1. PSNR

The peak signal to noise ratio is one of the most common metrics used in image
processing. It is measured in decibels(dB) and defined as in Equation (4.2) for 8-bit

gray scale images:

2

255
= 220 4.2
PSNR = 10 log; (3=r) db (4.2)

where MSE is the mean squared error between the original and the recovered image.

It is defined in Equation (4.3).

M N
MSE = ﬁzl ;(X(i.j) - PG, )2 43)
where,
M- Width of Image
N- Height of Image
X- Original Image
P- Recovered Image

4.3.2. SSIM

This metric maps two images to an interval [-1,1], where similar images have higher
values. This metric is defined in Equation (4.4), where pa, us, oa and og are the
values of mean and standard deviation for A and B, oag iS the covariance between A
and B, c;=(k;L)* and c,=(k,L)? where L is the dynamic range of the pixel values
(2P"sperPixel_1y and k;=0.001 and k,=0.03 are constants.

(Zppapg + ¢1)(2opp +C32)

SSIM(A, B) = —
(Ma” + pp2 + c1)(op? + 02 + c3)

(4.4)
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CHAPTER 5: RESULTS & ANALYSIS

5.1. Test Images
The images in Figure 5.1 were selected to evaluate the result of the algorithm. These

images are commonly used by the scientific community as benchmark for image

denoising problems.

(b) Hill

(d) Lena

(e) Glasses (f) Lightning
Figure 5.1: Test images used to evaluate the proposed denoising method
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The algorithm as well as all other methods used for comparison was implemented in
Matlab R2016b 64-bit. The algorithm was executed 10 times for each image and for
each noise standard deviation level. These experiments were conducted on Intel Core
13 M380 2.53 GHz processor with 4 GB RAM in windows 7.

5.2. Setting Parameter

Tests were performed to find the configuration for the parameters of the algorithm.
Each test evaluated different values for a specific parameter, then, PSNR and SSIM
were calculated for each best image achieved and the values were compared against
each other.

Initially, the configuration for the algorithm was set as tournament size of 3, local
search rate of 0.4, population size of 15, f=1.5, and running time of 20mins. This
configuration was used taking into account the computational time spent by executing
the genetic algorithm combined with wavelet shrinkage denoising methods. For
example, it is not possible to set a large sized population because it makes
initialization, reinitialization and mutation processes very time consuming once they
use the denoising methods at multiple times.

For setting the parameters value, the algorithm was executed over Boat image
corrupted with additive Gaussian noise N(0,06) with six different values for standard
deviation o = 10, 20, 30, 40, 50 and 60.

Tournament size for parent’s selection was evaluated first. As the initial population
size is not large, the values of tournament size tested were 3,6 & 9. The average
(Avg), maximum (Max) and minimum (Min) results for these different values are
shown in table 5.1 and 5.2. These values were obtained by executing the algorithm 10

times for each noise level.

Table 5.1: PSNR values for different tournament sizes

Nois | Tournament: 9 Tournament: 6 Tournament: 3

€ Avg Max | Min Avg Max | Min Avg Max | Min

10 | 3163 |3241 |3041 |3188 |3241 |30.52 |31.93 |3241 |30.19
89 47 46 12 47 85 87 47 96

20 27.18 | 27.37 | 2653 | 2758 |28.67 |27.11 |27.46 |27.56 |27.41
03 91 95 72 31 74 83 52 09

30 2591 |26.31 | 2517 | 2553 |26.11 |25.24 |26.11 | 26.56 | 25.53
28 86 55 12 33 06 26 58 48

40 2424 | 2441 | 2415 | 2449 | 2481 | 2433 | 2445 | 2456 |24.33
42 68 46 53 59 92 09
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50 23.77 | 23.85 |23.71 |23.82 |23.92 |23.72 |23.84 |23.91 |23.79
51 68 47 56 44 33 39 33 57

60 2312 | 23.18 |23.01 |23.10 |23.2 23.00 | 23.14 |23.19 | 2311
38 72 48 45 59 96 38 63

Table 5.2: SSIM values for different tournament sizes

Nois | Tournament: 9 Tournament: 6 Tournament: 3

€ Avg Max | Min Avg Max | Min Avg Max | Min

10 0.846 | 0.854 |0.833 | 0.849 |0.854 |0.838 |0.849 |0.854 | 0.831

54 99 86 44 24 52
20 0.731 |0.741 | 0.711 | 0.741 | 0.757 |0.725 |0.738 |0.740 | 0.736

63 1 88 04 88 33 81 62 37
30 0.669 |0.682 | 0.656 | 0.666 |0.676 |0.661 |0.676 |0.684 | 0.662

55 57 45 19 45 67 5 19 47

40 0.607 | 0.614 | 0.602 | 0.617 |0.618 | 0.616 |0.618 |0.623 | 0.612
14 66 22 55 83 06 54 24 63

50 0.577 |0.581 | 0.576 |0.579 |0.581 |0.576 |0.578 |0.580 |0.573
95 04 11 42 15 55 07 51 51

60 0.544 |0.548 | 0.539 |0.544 |0.548 | 0.539 |0.545 |0.548 |0.542
61 01 66 32 01 65 68 08 87

The tournament size of 3 achieved better performance than other size values in table
5.1 especially for higher level of noise. The values found for SSIM in table 5.2 are

similar. Thus, tournament size of 3 was set as default value.

The second parameter tested was local search rate for values of 0.2, 0.4 and 0.6. The

results with different mutation rates are shown in tables 5.3 and 5.4.

Table 5.3: PSNR values for different local search rate

Nois | Isr: 0.2 Isr: 0.4 Isr: 0.6

€ Avg Max | Min Avg Max | Min Avg Max | Min

10 31.92 | 3241 |31.18 |31.93 |3241 [30.19 |3233 |3241 |31.99
67 47 52 87 47 96 07 48 53

20 2755 | 27.82 |27.25 | 2746 |27.56 |27.41 |27.80 |28.79 |27.38
86 73 68 83 52 09 91 25 59

30 25.62 | 26.05 |25.06 |26.11 |26.56 |25.53 |26.03 |26.54 |25.39
07 91 85 26 58 48 78 48 24

40 2446 | 24.63 |24.31 | 2445 | 2456 |24.33 | 2453 | 2477 | 2431
66 15 63 92 09 68 09 77

50 23.77 | 23.81 |23.71 | 2384 |2391 |23.79 |23.80 |23.89 |23.73
84 85 86 39 33 57 51 48 52

60 23.14 | 2319 |23.09 |23.14 |2319 |23.11 |23.15 |23.18 | 23.12
23 21 02 96 38 63 62 54 58
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Table 5.4: SSIM values for different local search rate

Nois | Isr: 0.2 Isr: 0.4 Isr: 0.6

€ Avg Max | Min Avg Max | Min Avg Max | Min

10 |0.849 |0.854 |0.842 |0.849 |0.854 |0.831 |0.853 |0.854 |0.852

52 06 24 52 62 01 14
20 0.740 | 0.746 |0.734 |0.738 | 0.740 |[0.736 |0.745 | 0.762 | 0.738
2 47 7 81 62 37 03 02 93
30 0.666 | 0.675 |0.651 |0.676 |0.684 |0.662 |0.672 |0.679 | 0.664
27 83 25 5 19 47 76 43 12
40 0.618 | 0.622 |0.613 |0.618 |0.623 |0.612 |0.618 | 0.626 | 0.612
56 87 84 54 24 63 6 33 3

50 0.578 |0.580 |0.576 |0.578 |0.580 |0.573 |0.579 |0.580 |0.576
89 46 64 07 o1 o1 13 48 35

60 0.543 |0.548 | 0.539 |0.545 |0.548 |0.542 | 0.547 | 0.548 | 0.544
41 01 18 68 08 87 14 13 41

Local search rate of 0.6 has better PSNR values as compared to others in table 5.3.

Hence local search rate of 0.6 was set as default value.

Population size was the next parameter to be analyzed. For this test population size of
10, 15, 20 & 25 were used.

Table 5.5: PSNR values for different population size

No | Pop Size: 10 Pop Size: 15 Pop Size: 20 Pop Size: 25

IS€ | Avg | Max | Min | Avg | Max | Min | Avg | Max | Min | Avg | Max | Min

10 | 319 (324 310|323 324|319 |323 324|322 |316 |324 |300
279 | 147 | 202 | 307 | 148 | 953 | 616 | 148 | 477 |269 | 146 | 736

20 | 27.4 | 281|271 278 |28.7 | 273 |27.7 | 28.7 | 27.2 |274 | 278 |27.1
834 | 651 | 954 | 091 | 925 | 859 |628 | 757 | 644 | 818 | 362 | 064

30 [ 254 (261|248 |26.0 (265|253 (259|264 255|256 (261|251
423 | 134 | 549 | 378 | 448 1924 929 | 761 | 394 | 264 |37 |711

40 | 245 | 25.0 | 243 | 245|247 | 243 | 246|251 | 243 | 246|249 | 244
722 | 156 | 003 | 368 | 709 | 177 | 633 | 094 | 455 | 592 |244 |52

50 | 23.7 | 23.8 | 23.7 | 23.8 | 23.8 | 23.7 | 23.7 | 23.8 | 23.7 | 23.7 | 23.8 | 23.7
66 |15 |147 | 051 | 948 [352 | 963 |39 |639 |965 | 974 |52

60 [ 23.1 232230231 |231|231|231 232|231 231|231 230
3 155 | 431 | 562 | 854 [ 258 | 713 | 634 | 279 | 395 | 765 | 853
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Table 5.6: SSIM values for different population size

Pop Size: 10

Pop Size: 15

Pop Size: 20

Pop Size: 25

No
ise

Avg | Max | Min

Avg

Max

Min | Avg

Max

Min

Avg | Max

Min

10

0.85|0.85 | 0.84

012 | 4

201

0.85
362

0.85
401

0.85 | 0.85
214 | 295

0.85
401

0.85
021

0.84 | 0.85
634 |4

0.82
972

20

0.73 |1 0.74 | 0.72

687 | 531

404

0.74
503

0.76
202

0.73 | 0.74
893 | 44

0.76
197

0.73
563

0.73 | 0.74
848 | 435

0.73
253

30

0.65 | 0.67 | 0.62

79 | 645

689

0.67
276

0.67
943

0.66 | 0.67
412 | 306

0.68
05

0.66
642

0.66 | 0.67
492 | 496

0.65
882

40

0.61 | 0.62 | 0.60

665 | 776

964

0.61
86

0.62
633

0.61 | 0.62
23 | 194

0.63
12

0.61
437

0.62 | 0.62
074 | 753

0.61
693

50

0.57 | 0.57 | 0.57

848 | 983

676

0.57
913

0.58
048

0.57 | 0.57
635 | 877

0.57
99

0.57
57

0.57 | 0.58
872 | 046

0.57
621

60

0.54 | 0.54 | 0.53

369 | 801

297

0.54
714

0.54
813

0.54 [ 0.54
441 | 764

0.54
803

0.54
67

0.54 | 0.54
536 | 8

0.54
227

The values of PSNR and SSIM for different population sizes are similar for higher

level of noise. These values for lower level of noise are somewhat distinct. Population

size of 15 and 20 show distinct differences for lower noise levels as compared to

others and they both don’t show significant difference between them. So population

size of 15 was chosen so that initialization, reinitialization and mutation process are

less time consuming as compared to size of 20.

For the parameter B in the fitness function the author in [18] mentioned that values

between 1 & 3 would be more effective. So p was evaluated for 1, 1.5 & 2. The

results are presented in table 5.7 & 5.8.

Table 5.7: PSNR values for different value of B

Nois | beta: 1 beta: 1.5 beta: 2

€ Avg Max Min Avg Max Min Avg Max Min

10 32.30 | 32.41 |31.88 |32.33 [3241 |31.99 |29.87 |31.12 |28.95
82 46 29 07 48 53 47 02 59

20 28.92 |28.92 2891 |27.80 |28.79 |27.38 |26.68 |27.98 |25.42

09 65 91 25 59 8 13 04

30 26.68 | 26.78 | 26.64 | 26.03 | 26.54 | 25.39 |25.13 | 25.84 |24.78
88 97 34 78 48 24 7 11 33

40 25.12 | 25.26 |25.01 |2453 |[24.77 |2431 |24.38 |24.49 |243
94 8 92 68 09 77 43 08

50 24.08 | 24.20 |23.9 23.80 |23.89 |23.73 |23.73 |23.82 |23.70
87 65 51 48 52 57 03 53

60 23.20 | 23.32 | 23.11 |23.15 |23.18 |23.12 |23.12 |23.22 |23.00
69 16 57 62 54 58 38 84 76
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Table 5.8: SSIM values for different value of 8

Nois | beta: 1 beta: 1.5 beta: 2

€ Avg Max | Min Avg Max | Min Avg Max | Min

10 |0.853 |0.854 |0.850 |0.853 |0.854 |0.852 |0.821 |0.838 | 0.807

36 79 62 01 14 48 36 13
20 0.755 | 0.761 |0.753 |0.745 | 0.762 |0.738 | 0.717 | 0.748 | 0.690
38 28 9 03 02 93 45 31 21

30 0.665 | 0.669 |0.662 |0.672 |0.679 |0.664 |0.654 | 0.674 | 0.643
05 89 17 76 43 12 93 06 97

40 0.611 | 0.625 |0.593 |0.618 | 0.626 |0.612 |0.617 | 0.621 | 0.614
21 24 21 6 33 3 31 87 68

50 0.573 |0.578 |0.565 |0.579 |0.580 |0.576 |0.577 |0.580 | 0.575
88 93 26 13 48 35 15 27 32

60 0.534 | 0.546 |0.513 |0.547 |0.548 |0.544 | 0.543 | 0.547 | 0.539
58 66 49 14 13 41 63 96 46

From table 5.7 & 5.8 the value of B was chosen to be 1.

The last tested parameter was execution time of the algorithm. For this test the
execution time of 10, 15, 20 & 25 minutes were chosen. The results are presented in
table 5.9 & 5.10.

Table 5.9: PSNR values for different execution time

No | Time: 10mins Time: 15mins Time: 20mins Time: 25mins

IS€ | Avg | Max | Min | Avg | Max | Min | Avg | Max | Min | Avg | Max | Min

10 | 319 (324 |30.2|321 (324|313 323|324 |31.8 | 309 | 32.1 | 30.3
692 | 144 | 842 |06 |148 | 956 | 082 | 146 | 829 |926 | 707 | 906

20 | 275 (279|273 |278 | 283 |27.3 289|289 |28.9 |275|278|27.3
655 | 077 | 427 | 246 | 866 | 141 |2 209 | 165 |6 85 |894

30 [26.0 |26.3 |25.8 | 257 |26.0 252 |26.6|26.7|26.6|257|265 252
669 | 731 | 664 | 748 | 985 | 794 | 888 | 897 | 434 |539 | 574 | 476

40 | 24.6 | 248 | 244 | 244 | 245|242 | 251|252 |25.0 | 245|246 | 244
382 | 907 | 114 452 | 842 | 651 | 294 |68 |192 |635 | 413 | 491

50 |23.7 1238 |23.6 | 23.8 | 238 |23.7 |24.0 | 242|239 |23.8 | 23.8 | 23.8
994 835 |374 | 141 | 826 | 153 | 887 | 065 31 | 505 |192

60 | 23.1 231|230 231|232 |231 (232|233 |231 (231|231 |231
152 [ 627 | 128 | 722 | 039 |462 | 069 |216 | 157 |621 | 795 |515
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Table 5.10: SSIM values for different execution time

No | Time: 10mins Time: 15mins Time: 20mins Time: 25mins
ise | Avg | Max | Min | Avg | Max | Min | Avg | Max | Min | Avg | Max | Min

10 | 0.84 | 0.85|0.83 | 0.85 | 0.85|0.84 | 0.85|0.85|0.85|0.83 | 0.85 | 0.83
977 1398 |471 | 143 | 401 | 461 | 336 |4 079 1982 | 271 |23

20 | 0.73]10.74|0.73 | 0.74 | 0.75 | 0.73 | 0.75 | 0.76 | 0.75 | 0.73 | 0.74 | 0.73
701 | 377 | 352 | 583 | 582 | 856 |538 | 128 |39 |959 |891 | 367

30 | 0.67 | 0.68 | 0.66 | 0.66 | 0.67 | 0.66 | 0.66 | 0.66 | 0.66 | 0.66 | 0.68 | 0.66
423 |24 | 889 |646 | 632 | 112 | 505 | 989 | 217 |945 | 217 | 006

40 | 0.61 |0.62 | 0.61 | 0.61 |0.62 | 0.60 | 0.61 | 0.62 | 0.59 | 0.61 | 0.62 | 0.61
992 | 609 |505 |509 | 365 |181 | 121 | 524 | 321 | 944 | 387 | 695

50 | 0.57 | 0.58 | 0.56 | 0.57 | 0.58 | 0.57 | 0.57 | 0.57 | 0.56 | 0.57 | 0.58 | 0.57
375 | 077 | 731 | 843 | 099 | 643 | 388 | 893 [526 |79 |052 |282

60 | 0.54 | 0.54 | 0.53 | 0.54 | 0.54 | 0.54 | 0.53 | 0.54 | 0.51 | 0.54 | 0.54 | 0.54
515 | 811 | 959 |71 806 |494 | 458 | 666 |349 | 704 | 754 | 609

Execution time of 20minutes shows better value for PSNR as compared to others.
Hence it was chosen as default value.

After performing these tests, the basic configurations of the parameters was set as
tournament size of 3, local search rate of 0.6, population size of 15, value of =1 and
running time of 20 minutes.

5.3. Image with Gaussian Noise

The test images in figure 5.1 were used and these images were deteriorated with an
additive Gaussian noise N(0,0) with six different values for standard deviation ¢ = 10,
20, 30, 40, 50 and 60. The noisy image was used as input to the proposed algorithm
and the algorithm was executed for 10 times for each image. After the completion of
the algorithm the comparison metrics i.e. PSNR & SSIM were calculated for each
obtained image. The maximum values of these metrics after 10 executions are

compared with the metrics of the image obtained from wavelet based denoising.
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(a) Original (b) Noisy (c=60)

(e) Bayes (f) Proposed method

Figure 5.2: Denoising Result of Boat image
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(e) Bayes Shrink (f) Proposed method

Figure 5.3: Denoising Result of Man image
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(e) Bayes Shrink (f) Proposed method

Figure 5.4: Denoising Result of Hill image
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(e) Bayes Shrink (f) Proposed method

Figure 5.5: Denoising Result of Lena image
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(@) Original (b) Noisy (c=60)

(e) Bayes Shrink (f) Proposed method

Figure 5.6: Denoising Result of Glasses image

(@) Original

(c) Visu Shrink (d) NeighSure Shrink
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(e) Bayes Shrink

(f) Proposed method

Figure 5.7: Denoising Result of Lightning image

Table 5.11: Comparison of PSNR for denoised images corrupted by Gaussian Noise

Proposed

Image s Noisy Vigu Neigh.Sur Bayes Gene_tic
Image Shrink e Shrink Shrink Algorith

m

10 28.1477 | 289773 | 324146| 31.7814 | 32.3347

20 22.189 26.52 | 28.9208 28.31| 30.3156

boat 30 18.7455 |  25.1555 26.67 | 26.1874 | 28.5994
40 16.3544 24.1459 25.0926 24,7858 | 27.7059

50 14.6079 | 23.2234 | 23.7633 | 23.5725| 24.7768

60 13.2382 | 22.3883 22.71 22.589 | 23.4908

10 28.1332 | 36.9027 | 38.1691| 37.3638| 41.6787

20 22.115 32.34| 32.8294 | 32.6083| 39.4528

glasses 30 18.8612 | 29.6567 | 30.0701| 29.9977 | 37.2065
40 16.6635 | 25.3908 | 27.8036| 27.8917 31.61

50 15.0928 | 21.7697 26.271 | 26.4765| 30.9628

60 13.8205 | 19.8891| 24.7938 | 25.0507 | 29.4783

10 28.1238 | 34.8101| 36.8311| 34.7808| 37.7517

20 22.1436 | 31.0632| 31.8819| 31.3332| 36.4559

lightning 30 18.7537 | 28.7542 | 29.1397 | 28.9806 | 34.2585
40 16.4704 | 26.9053 | 27.2644 | 27.1054| 31.1605

50 14.7755 | 25.3525| 25.4163| 25.4409 30.009

60 13.5005 | 24.0056 24.005 | 24.1248 | 27.9407

10 35.8054 | 31.6216 | 36.5772| 36.1712 | 36.5772

20 29.9517 28.937 | 321374 | 31.4835| 32.1619

man 30 26.5438 | 27.3595 29.346 | 28.8883 29.37
40 24.1766 | 26.2732 | 27.3991 27.057 | 27.9497

50 22.3996 | 25.3267 | 25.9617 | 25.7318 26.519

60 21.0517 | 24.6093 | 24.6524 | 24.5253| 25.3006

10 35.7995 | 32.2995| 36.7512| 36.2846 | 36.7512

20 29.9779 | 29.6018 | 32.2903| 31.7774 | 32.2907

hill 30 26.5894 | 28.0127 | 29.6441| 29.2781| 29.9679
40 24.1366 | 26.8814 | 27.5982 | 27.3456| 28.3673

50 22.3602 | 25.9409 | 26.0126| 25.8536 | 27.0643
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60 21.0194 25.1119 24.8655 24,7722 | 25.9255
10 28.1171 31.4538 34.1918 33.2785 | 34.1918
20 22.1234 28.752 30.4404 29.8219 | 32.6679
lena 30 18.6974 27.1272 28.0426 27.6784 | 30.5616
40 16.3763 25.799 26.3306 26.1014 | 29.0818
50 14.6111 24.7051 24.9242 24.8412 | 26.6338
60 13.2838 23.6252 23.6124 23.6916 | 26.1741
PSNR comparison
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Figure 5.8: Comparison of PSNR values for boat image
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Figure 5.9: Comparison of PSNR values for glasses image
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PSNR comparison
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Figure 5.10: Comparison of PSNR values for lightning image
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Figure 5.11: Comparison of PSNR values for lena image
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Table 5.12: Comparison of SSIM for denoised images corrupted by Gaussian Noise

Proposed
Image s Noisy Vigu Neigh.Sur Bayes Genet_ic
Image Shrink e Shrink Shrink | Algorith
m
10 0.69165 | 0.76473 0.854 | 0.83833 | 0.85313
20 0.42721 | 0.67563 0.7539 | 0.72597 | 0.80583
boat 30 0.28954 | 0.60531 | 0.66217 | 0.63832| 0.75889
40 0.21171 | 0.54818 | 0.58834 0.5719 | 0.73871
50 0.16234 | 0.49525| 0.52007 0.5112 | 0.62108
60 0.12828 | 0.45227 | 0.47017| 0.46258 | 0.59179
10 0.44005 | 0.92379 | 0.92727 | 0.91034 | 0.98071
20 0.18532 0.8043 0.7988 | 0.80072 | 0.97332
glasses 30 0.10542 | 0.69442 0.689 | 0.69761 | 0.96541
40 0.06961 | 0.53248 | 0.58221 | 0.59621| 0.92944
50 0.05112 | 0.38591 0.5166 | 0.52988 | 0.92499
60 0.0388 | 0.31664 | 0.46319 0.4718 | 0.91927
10 0.46382 | 0.90677 | 0.91654| 0.87344 | 0.95922
20 0.20927 | 0.78889 | 0.78158 | 0.76993 | 0.94989
lightning 30 0.12253 | 0.67483 | 0.65455 0.6654 | 0.93354
40 0.08344 | 0.58502 | 0.57831| 0.58276 | 0.91747
50 0.06135| 0.50129 | 0.47456 | 0.49277| 0.89685
60 0.04706 | 0.44117 | 0.40751| 0.43279| 0.88374
10 0.9349 0.8786 | 0.95472 | 0.94924 | 0.95472
20 0.80688 | 0.80505| 0.88739 | 0.86698 | 0.88893
man 30 0.6843 | 0.75182 | 0.80789| 0.78876 0.8282
40 0.58269 | 0.70427 | 0.73235| 0.71515| 0.77398
50 0.50309 | 0.65899 | 0.67296 0.6608 | 0.70413
60 0.43901 | 0.62745| 0.61315 0.6065 | 0.67235
10 0.93661 | 0.87789 0.9532 0.9477 0.9532
20 0.81022 0.8046 | 0.88427 | 0.86815| 0.88428
hill 30 0.68412 | 0.74804 | 0.81203| 0.79503 | 0.82689
40 0.57108 | 0.69757 | 0.73446| 0.71851| 0.77515
50 0.48632 | 0.65761 0.6688 | 0.65473 | 0.72266
60 0.42251 | 0.62662 | 0.62055| 0.61064 | 0.68111
10 0.6134 | 0.84045| 0.88219| 0.85546 | 0.88219
20 0.34361 | 0.75203 | 0.78225| 0.75722 | 0.86792
lena 30 0.22183 | 0.66957 | 0.68653| 0.67323 | 0.80754
40 0.15842 | 0.59956 | 0.61265| 0.60379 | 0.80163
50 0.11943 | 0.53839 | 0.53931| 0.54159 | 0.75527
60 0.09475 | 0.48682 0.4754 | 0.48827 | 0.74501
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Figure 5.12: Comparison of SSIM values for boat image
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Figure 5.13: Comparison of SSIM values for glasses image
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Figure 5.14: Comparison of SSIM values for lightning image
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Figure 5.15: Comparison of SSIM values for lena image

5.4. Image with Speckle Noise

Boat and Lena image were taken and speckle noise with 6 different levels of noise
was added. The noisy image was then used as input to the proposed algorithm and the
algorithm was executed 10 times for each image. The comparison metrics were
calculated and then it was compared with metrics obtained from wavelet based
denoising methods.

(a) Noisy (6=60) (b) Proposed method

Figure 5.16: Denoising of Boat image corrupted by Speckle Noise
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(@) Noisy (6=60)

Table 5.13: Comparison of PSNR for images corrupted by Speckle Noise

Figure 5.17: Denoising of Lena image corrupted by Speckle Noise

Image v INoisy Vi_su Neigh_Sur Ba)_/es Pé%?}gfﬁ:d
mage Shrink e Shrink Shrink .

Algorithm

10 33.456 | 31.3082| 35.6064 35.042 | 35.5917

20| 27.4475| 289884 | 31.4285| 31.1557| 31.5466

boat 30| 239576 | 27.4898| 285641 | 28.7459| 28.6143

40| 214781 | 26.4339| 26.6008 | 27.0877 27.75

50| 19.5853| 25.6272 | 25.0226| 25.8143 | 26.8302

60| 18.0098 | 24.9516| 23.5506| 24.6082| 25.7009

10| 33.7864| 33.9609 | 36.9007| 36.4534| 36.9007

20| 27.7557 | 315216 32.068 | 32.3459 | 32.7983

lena 30| 242561 | 29.8678| 28.9011| 29.6974 | 30.9998

40| 217968 | 28.6066 | 26.6029 | 27.7248 | 29.5763

50| 19.9182 | 27.6652| 24.9726| 26.3505| 28.6377

60 18.418 | 26.8529 | 23.6829 | 25.2651| 27.6949
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Figure 5.18: PSNR comparison of Boat Image Corrupted by Speckle Noise

PSNR comparison

40 T T T T
35
30T
25t =W
5\ e
Ao
04 L -
wn
o
151 .
1071 .
—&— Visu Shrink
—#— NeighSure Shrink
5 |-~ Bayes Shrink 1
—+— Proposed
0 L AL ' ' L
0 10 20 30 40 50 60

Noise Level
Figure 5.19: PSNR comparison of Lena Image Corrupted by Speckle Noise
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Table 5.14: Comparison of SSIM for images corrupted

by Speckle Noise

Noisy Visu NeighSur Bayes Propos_ed
Image \Y ; . d Genetic
Image Shrink e Shrink Shrink .
Algorithm
10 0.87345 0.82714 0.91667 0.90933 0.91596
20 0.68509 0.76574 0.8282 0.81685 0.84944
boat 30 0.54629 0.71556 0.73136 0.73538 0.78531
40 0.44908 0.67048 0.65307 0.67008 0.74223
50 0.37824 0.63477 0.58651 0.61537 0.70976
60 0.32202 0.60006 0.5236 0.56078 0.67082
10 0.83271 0.88438 0.9126 0.90764 0.9191
20 0.62472 0.83612 0.80158 0.80838 0.85367
lena 30 0.48713 0.78777 0.70182 0.72067 0.82229
40 0.39448 0.73918 0.62163 0.64635 0.77615
50 0.32604 0.69947 0.56065 0.59076 0.76805
60 0.27611 0.65936 0.51293 0.54647 0.74189
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Figure 5.20: SSIM comparison of Boat Image Corrupted by Speckle Noise
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Figure 5.21: SSIM comparison of Lena Image Corrupted by Speckle Noise

5.5. Image with Salt & Pepper Noise

Boat image was taken and corrupted with SPN noise. It was then used as input to the
proposed algorithm. The image obtained as output shows that this algorithm is not
effective to remove the SPN noise. It is because the local search operators i.e Visu
Shrink, Bayes Shrink & Neigh Shrink are not effective methods to remove the SPN

noise.

Figure 5.22: Boat image corrupted with Salt & Pepper Noise of 0.1
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Figure 5.23: Image obtained after applying the proposed algorithm to the Boat image
corrupted by SPN of 0.1

5.6. Comparison with methods in literature

The results of the proposed algorithm for the test images were compared against other
methods available in the literature. The methods used in the comparison were:
Bivariate [17], Weiner-Chop [13], Median [3], Weiner [3], AD [8], BM3D [10], TV
[4], HGA [21]. The values of PSNR & SSIM calculated for the above mentioned
methods were obtained from [20]. Table 5.15 & 5.16 shows the results for PSNR &
SSIM values.

Table 5.15: PSNR values of images obtained with the proposed algorithm compared
against other state-of-the-art methods

. Wein . . Prop
mag | g | Blvar) | Medi ] Wein | ap | BM3 | 1y | HGA | osed
Chop GA

26.79 | 32.24 | 29.41 | 30.04 | 32.33 | 31.03 | 30.46 | 32.29 | 32.33
10 03 21 25 29 7 72 06 96 | 4698

26.08 | 29.37 | 26.95 | 28.12 | 28.98 | 30.31 | 28.87 | 29.22 | 30.31
20 63 51 82 24 34 56 81 21 | 5589

25.01 | 27.60 | 24.67 | 26.35 | 26.97 | 28.59 | 25.71 | 27.58 | 28.59

boat | 4, 50| 21| 43| 51| 63| 94| 93| 88| 9401

23.80 | 26.35 | 22.82 | 24.87 | 25.59 | 22.39 | 22.68 | 25.85 | 27.70
40 48 81 31 98 33 82 86 83 | 5915

22.62 | 25.22 | 21.22 | 23.62 | 24.51 | 17.67 | 20.22 | 24.75 | 24.77
50 73 38 98 99 93 63 74 22 | 6816
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21.57 | 24.22 | 19.87 | 22.55 | 23.61 | 15.22 | 18.25 | 23.90 | 23.49

60 51 87 36 89 57 69 12 88 | 0799

36.57 | 40.96 | 35.16 | 37.74 | 40.08 | 41.67 | 40.16 | 40.93 | 41.67

10 07 02 79 02 86 32 68 27 | 8712

32.38 | 36.01 | 29.49 | 32.55 | 35.84 | 39.45 | 33.68 | 38.70 | 39.45

20 25 97 64 33 41 28 67 93 | 2837

29.49 | 33.48 | 26.16 | 29.79 | 33.35 | 35.58 | 27.56 | 35.37 | 37.20

glass | 30 14 45 07 62 9 74 52 21 | 6466
es 26.96 | 31.07 | 23.62 | 27.63 25.38 | 23.62 | 32.93 | 31.61
40 82 66 13 18 | 31.22 97 42 49 | 0039

25.19 | 29.50 | 21.85 | 26.04 | 29.69 | 19.38 | 21.15 | 31.57 | 30.96

50 77 27 85 61 63 16 56 96 | 2803

23.57 | 27.64 | 20.35 | 24.50 | 27.99 | 16.41 | 19.21 | 29.73 | 29.47

60 93 38 65 26 12 51 07 75| 8273

30.53 | 37.53 | 33.73 | 36.00 | 38.35 | 37.75 | 37.47 | 38.93 | 37.75

10 64 42 14 7 93 17 72 97 | 1744

29.08 | 33.30 | 28.98 | 31.90 | 34.37 | 36.45 | 32.76 | 35.87 | 36.45

20 19 33 9 01 06 59 05 96 | 5873

27.32 | 31.11 | 25.82 | 29.10 | 32.00 | 33.45 | 27.21 | 33.75 | 34.25

light | 30 86 52 19 87 56 53 08 95 | 8466
ning 25.59 | 29.41 | 23.53 | 26.89 | 30.18 | 24.27 | 23.44 | 31.15 | 31.16
40 88 42 85 75 31 22 88 01| 0471

23.98 | 27.92 | 21.66 | 25.16 | 28.48 | 18.44 | 20.76 | 29.89 | 30.00

50 35 99 47 28 36 76 59 77 | 9037

22.67 | 26.61 | 20.23 | 23.86 | 27.10 | 15.80 | 18.81 | 28.37 | 27.94

60 05 49 09 94 88 98 13 82 | 0654

28.16 | 32.11 | 30.20 | 30.49 | 32.57 | 30.37 | 30.74 | 32.50 | 36.57

10 71 11 44 8 5 63 45 08 | 7183

27.18 | 29.45 | 27.40 | 28.56 | 29.15 | 29.94 | 29.19 | 29.46 | 32.16

20 8 19 23 47 75 19 06 55| 1888

25.89 | 27.82 | 24.96 | 26.81 | 27.31 | 28.48 | 25.89 | 27.75 | 29.37

man 30 03 87 32 35 48 73 17 3| 0019
2454 | 26.61 | 22.98 | 25.35 | 26.12 | 22.51 | 22.81 | 26.30 | 27.94

40 02 15 19 15 01 47 38 14 97

23.22 | 2551 | 21.29 | 24.02 | 25.06 | 17.79 | 20.30 | 25.46 | 26.51

50 05 53 52 02 91 83 42 61 | 9036

22.06 | 24.53 | 19.90 | 22.96 | 24.17 | 15.38 | 18.39 | 24.65 | 25.30

60 73 44 54 44 48 13 39 25 | 0648

28.12 | 31.85 | 29.93 | 30.26 | 32.25 | 30.72 | 30.54 | 31.99 | 36.75

10 94 11 31 55 32 87 96 64 | 1176

27.21 | 29.37 | 27.34 | 28.56 | 29.07 | 30.15 | 29.10 | 29.12 | 32.29

20 53 42 63 34 98 39 89 72 | 0679

25.96 | 27.87 | 24.96 | 26.97 | 27.36 | 28.71 | 25.95 | 28.07 | 29.96

hill 30 19 33 47 88 7 59 42 75| 7947
2451 | 26.61 | 22.96 | 25.45 | 26.16 | 22.48 | 22.79 | 26.53 | 28.36

40 48 69 56 49 64 26 56 52 | 7341

23.15| 25,53 | 21.33 | 24.12 | 25.18 | 17.84 | 20.34 | 25.45 | 27.06

50 16 69 53 53 43 24 61 72 | 4329

60 |22.06 | 24.62 | 19.98 | 23.09 | 24.40 | 15.45 | 18.45 | 24.83 | 25.92
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55| 77| 58| 72| 13| 92| 38 5 [ 5453
30.14 | 34.35 | 32.11 | 32.66 | 34.17 | 33.57 | 33.06 | 34.28 | 34.19

10 02| 66| 93| 29| 91| 25| 17| 69| 1829

28.73 | 31.50 | 28.36 | 29.99 | 30.78 | 32.71 | 30.58 | 31.80 | 32.66

20 7| 96| 29| o04| 59| 77| 87| 88| 7882

27.02 | 29.65 | 25.53 | 27.86 | 28.83 | 30.46 | 26.47 | 30.08 | 30.56

ena |30 25| 02| 44| 41| 37| 41| 66| 99| 1634
25.36 | 28.07 | 23.29 | 26.08 | 27.38 | 23.05 | 22.99 | 28.19 | 29.08

40 27| 05| 89| 97| 02| 44| o08| 31| 1828

23.76 | 26.75 | 21.58 | 24.63 | 26.26 | 17.85 | 20.38 | 26.91 | 26.63

50 15| 14 2| 71| 22 1| 99| 47/ 3832

2254 | 25.64 | 20.11 | 23.48 | 25.28 | 15.33 | 18.44 | 25.96 | 26.17

60 78| 72 8| 53| 54| 79| 34| 42| 4106

2432 | 32.61 | 30.10 | 30.64 | 33.37 | 31.59 | 32.09 | 33.44 | 32.73

10 1 7| 27| 48| 73| 89| 86| 44| 5626

23.88 | 29.26 | 27.28 | 28.42 | 29.60 | 30.76 | 29.64 | 29.99 | 30.76

20 65| 09| 41| 33| 71| 66| 84| 67| 6571

23.21 | 27.11 | 24.82 | 26.49 | 27.26 | 28.65 | 25.98 | 27.92 | 28.65

pepp | 30 53 3| 17| 35| 33| 45| 54| 67| 4638
ers 22.37 | 25.25 | 22.77 | 24.85 | 25.63 | 22.36 | 22.70 | 25.76 | 26.86
40 79| 22| 58| 08| 79 8| 96| 74| 5232

21.49 | 23.88 | 21.21 | 23.55 | 24.25 | 17.87 | 20.37 | 24.31 | 24.06

50 84| 67 1| 04| 23| 08| 38| 91| 4385

20.70 | 22.83 | 19.83 | 22.44 | 23.15 | 15.44 | 18.38 | 23.17 | 23.07

60 98| 94| 38| 35 5| 68| 24 1| 7608

24.01 | 31.19 | 26.56 | 29.14 | 33.08 | 30.19 | 29.17 | 32.74 | 32.08

10 38| 59| 89| 68| 87| 21| 57| 42| 1132

23.50 | 27.87 | 25.00 | 27.16 | 29.23 | 29.69 | 27.90 | 29.37 | 29.83

20 5| 61| 51| 17| 75| 55 2| 95| 5802

came 22.75 | 26.00 | 23.49 | 25.33 | 26.79 | 28.24 | 25.42 | 27.13 | 28.11
o | 30 27| 24| o7| 07| 77| 98| 18| 61| 6134
A 21.84 | 2456 | 21.97 | 23.68 | 24.99 | 22.79 | 22.63 | 25.22 | 24.17
40 86 2| 19| 61| 21 5| 84| 74| 6179

20.87 | 23.28 | 20.60 | 22.24 | 23.38 | 18.07 | 20.23 | 23.64 | 23.66

50 17| 94| 57| 28| 92| 95| 92| 81| 2178

20.03 | 22.45 | 19.48 | 21.21 | 22.32 | 15.73 | 18.48 | 22.62 | 22.41

60 5| 37| 07| 65| 19 6| 19| 56/ 1623

24.95 | 30.89 | 24.88 | 28.03 | 31.54 | 32.26 | 26.48 | 30.40 | 32.29

10 74| 04| 24| 09| 67| 24| 33| 48| 6117

2439 | 27.13 | 23.82 | 26.26 | 27.26 | 31.41 | 25.76 | 25.97 | 27.69

20 89| 93| 88| 05| 07 5| 98| 76| 2084

23.60 | 25.27 | 22.58 | 24.75 | 25.09 | 28.95 24.62 | 28.43

barba | 30 18 1| 29| 33| 73| 39|2402| 77| 3321
ra 22.69 | 24.17 2352 | 23.86 | 22.46 | 21.86 | 23.65 | 23.84
40 24| 88|2134| 17| 76 1| 36| 68] 0548

21.74 | 23.34 | 20.13 | 22.48 | 23.03 | 17.87 | 19.81 | 22.95 | 23.01

50 73| 45| 77| 13| 39 2 6| 47/ 7615

20.81 | 22.58 | 19.05 | 21.56 | 22.32 | 15.48 | 18.12 | 22.41 | 22.67

60 07| 36| 36| 39| 61| 64| 29 8| 5865
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26.41 | 31.62 | 29.08 | 29.08 | 32.31 | 30.93 | 30.10 | 32.16 | 32.30

10 61 2 72 1 18 06 02 06 | 6473

25.72 | 28.86 | 26.70 | 27.36 | 28.54 | 30.16 | 28.49 | 28.61 | 30.15

20 84 68 42 39 95 95 47 27 | 2793

24.73 | 27.22 | 24.53 | 25.81 | 26.47 | 28.29 | 25.49 | 26.83 | 28.31

coupl | 30 87 7 48 36 14 85 87 3| 2189
e 23.55| 25.94 | 22.68 25.10 | 22.22 | 22.57 | 24.98 | 26.78
40 38 41 39 | 24.44 26 21 66 35| 9514

22.46 | 24.89 | 21.14 | 23.33 | 24.09 | 17.52 | 20.10 | 24.20 | 24.90

50 23 57 92 8 49 8 76 56 | 4231

21.46 | 24.01 | 19.76 23.34 | 15.14 | 18.17 | 23.52 | 23.74

60 76 61 65| 224 59 53 22 16 | 5353

25.84 | 31.50 | 29.12 | 24.88 | 30.50 | 29.04 | 28.78 | 30.20 | 31.41

10 5 7 41 26 83 7 45 72 | 0669

25.15| 28.37 | 26.46 | 24.23 | 26.49 | 28.37 | 26.87 | 26.39 | 27.63

20 07 56 34 66 74 31 03 25| 9023

24.22 |1 26.29 | 24.35 | 23.47 | 24.10 | 26.31 | 24.32 | 24.38 | 25.54

finge | 30 51 83 36 72 52 79 41 02| 342
rprint 23.24 | 24.84 | 22.60 | 22.72 | 22.46 | 21.23 | 21.85 | 22.70 | 24.09
40 73 35 07 44 98 56 39 52| 448

22.13 | 23.57 | 21.04 | 21.90 | 21.18 | 17.40 | 19.76 | 21.36 | 23.13

50 69 72 14 23 56 83 5 7| 1654

21.19 | 22.49 | 19.67 | 21.14 | 20.17 | 15.21 | 18.01 | 20.16 | 21.03

60 97 22 25 76 6 48 32 06 | 8928

Table 5.16: SSIM values of images obtained with the proposed algorithm compared
against other state-of-the-art methods

. Wein . . Prop

'”;ag G Ei;‘:gr er- 'V;‘;d' V\ﬁ'” AD B'E)’B TV | HGA | osed
Chop GA

0.738 | 0.857 | 0.780 | 0.779 | 0.851 | 0.820 | 0.802 | 0.840 | 0.853

10 1 1 1 5 6 4 5 8 129

0.677 | 0.787 | 0.647 | 0.732 | 0.762 | 0.805 | 0.761 | 0.772 | 0.805

20 4 5 5 5 6 8 5 7 833

0.596 | 0.723 | 0.524 | 0.665 0.758 | 0.604 | 0.730 | 0.758

boat 30 9 4 7 9| 0.688 9 9 9 889
0.672 | 0.433 | 0.590 | 0.627 | 0.436 | 0.449 | 0.660 | 0.738

40 |0.519 1 4 9 7 4 7 1 71

0.616 | 0.360 | 0.520 | 0.572 0.338 | 0.626 | 0.621

50 | 0.452 3 2 9 51 0.249 5 7 08

0.398 | 0.571 | 0.304 | 0.462 | 0.527 | 0.170 | 0.261 | 0.599 | 0.591

60 8 4 2 4 5 7 3 1 792

0.927 | 0.964 | 0.832 | 0.946 | 0.963 | 0.980 | 0.976 | 0.976 | 0.980

glass 10 3 2 8 5 7 7 1 1 708
es 0.781 | 0.897 | 0.580 | 0.809 | 0.908 | 0.973 | 0.845 | 0.968 | 0.973
20 2 4 4 3 2 3 8 5 318
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0.643 0.675 | 0.848 | 0.887 | 0.518 | 0.946 | 0.965
30 910.836 | 0.404 4 6 3 1 3| 412
0.516 | 0.759 | 0.284 | 0.564 | 0.778 | 0.331 | 0.291 | 0.935 | 0.929
40 8 7 2 9 3 1 9 7] 442
0.433 | 0.714 0.486 | 0.732 | 0.118 | 0.191 | 0.925 | 0.924
50 5 1]0.217 8 6 7 5 7] 994
0.370 0.166 | 0.420 | 0.692 | 0.066 | 0.130 | 0.917 | 0.919
60 41 0.669 1 5 5 3 8 8| 269
0.892 | 0.947 | 0.823 | 0.929 0.959 | 0.956 | 0.961 | 0.959
10 8 4 8 6 | 0.948 2 4 5| 223
0.759 | 0.880 | 0.582 | 0.834 0.949 | 0.835 0.949
20 1 8 9 6| 0.89 9 710943 | 891
0.615 | 0.808 | 0.407 | 0.700 | 0.825 | 0.854 | 0.515 | 0.913 | 0.933
light | 30 5 9 7 4 3 4 2 7] 543
ning 0.503 | 0.747 | 0.298 | 0.577 0.322 | 0.306 | 0.907 | 0.917
40 7 6 3 910.766 4 6 9| 473
0.411 | 0.684 | 0.226 | 0.483 | 0.696 | 0.127 | 0.198 | 0.901 | 0.896
50 5 1 3 8 7 1 3 2| 849
0.342 | 0.638 0.416 | 0.648 | 0.074 | 0.138 | 0.889 | 0.883
60 3 210.177 4 2 2 3 4| 743
0.877 | 0.813 | 0.806 | 0.872 | 0.817 | 0.822 | 0.866 | 0.954
10 |0.784 7 4 7 8 6 9 8| 717
0.714 0.667 | 0.755 | 0.773 | 0.808 | 0.778 | 0.788 | 0.888
20 410.801 9 6 4 9 7 8| 93
0.630 | 0.735 | 0.537 | 0.683 | 0.699 | 0.757 | 0.607 | 0.737 | 0.828
man 30 1 1 5 5 2 8 9 1| 195
0.676 | 0.436 | 0.603 | 0.640 | 0.420 | 0.444 | 0.679 | 0.773
40 |0.548 9 1 2 2 9 1 7] 982
0.628 | 0.356 | 0.532 | 0.589 | 0.227 | 0.328 | 0.655 | 0.704
50 |0.478 2 8 2 3 2 3 1] 131
0.419 | 0.583 0.472 | 0.543 0.251 | 0.628 | 0.672
60 4 31 0.298 6 6 | 0.156 8 6| 349
0.744 1 0.843 | 0.779 | 0.762 | 0.842 | 0.791 | 0.779 | 0.826 | 0.953
10 1 8 7 4 1 5 8 41 199
0.683 | 0.766 | 0.646 | 0.715 | 0.736 | 0.778 | 0.745 | 0.737 | 0.884
20 3 9 3 5 5 3 4 3| 28
0.607 | 0.707 | 0.519 | 0.652 | 0.663 | 0.738 | 0.596 | 0.703 | 0.826
hill 30 7 5 4 1 3 2 3 5| 889
0.526 | 0.648 | 0.417 0.604 | 0.420 | 0.433 | 0.646 | 0.775
40 4 8 310.577 6 5 4 7| 146
0.459 | 0.602 | 0.340 | 0.509 | 0.558 | 0.222 | 0.317 | 0.606 | 0.722
50 6 5 6 7 8 1 2 7] 659
0.406 | 0.563 | 0.283 0.147 | 0.242 | 0.589 | 0.681
60 4 6 8 10.458 | 0.522 2 4 3| 108
0.843 | 0.897 0.860 | 0.888 | 0.880 | 0.869 | 0.889 | 0.882
10 5 2 ]0.822 4 2 2 7 8| 187
lena 0.755 | 0.838 | 0.652 0.814 | 0.869 | 0.800 0.867
20 2 8 510.798 9 9 210852 | 923
30 |0.649]0.777 ] 0.510 | 0.707 | 0.751 | 0.800 | 0.585 | 0.813 | 0.807
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2 4 2 3 3 2 5 4] 544
0.713 | 0.400 | 0.609 0.383 | 0.398 | 0.776 | 0.801

40 | 0.553 7 6 410,688 1 7 4| 626

0.469 | 0.661 | 0.326 | 0.529 | 0.637 | 0.190 | 0.284 | 0.751 | 0.755

50 4 6 2 2 1 3 9 9| 268

0.415 | 0.617 | 0.270 0.593 | 0.128 | 0.216 | 0.742 | 0.745

60 5 5 4| 0.469 4 7 7 3| 009

0.834 | 0.908 | 0.848 | 0.871 | 0.907 | 0.893 | 0.894 | 0.909 | 0.889

10 2 2 5 9 3 5 9 6| 78

0.765 0.707 | 0.823 | 0.833 | 0.881 | 0.833 | 0.861 | 0.881

20 710.847 2 5 8 7 1 4] 723

0.677 | 0.790 0.758 | 0.764 | 0.806 | 0.650 | 0.821 | 0.806

pepp | 30 5 10575 9 2 1 6 5| 128
ers 0.723 | 0.474 | 0.675 | 0.702 | 0.445 | 0.476 | 0.778 | 0.805
40 | 0.588 5 2 8 9 5 3 9| 952

0.520 0.401 0.650 0.369 | 0.756 | 0.742

50 6 | 0.684 6 | 0.605 5| 0.267 2 4| 671

0.465 | 0.631 | 0.344 | 0.540 | 0.597 | 0.194 | 0.292 | 0.722 | 0.729

60 2 2 6 5 2 3 3 41 217

0.761 | 0.886 | 0.775 0.911 | 0.861 | 0.856 | 0.905 | 0.883

10 2 4 80817 1 7 7 3| 333

0.809 | 0.614 | 0.761 | 0.832 | 0.852 | 0.800 | 0.847 | 0.863

20 |0.677 6 6 2 5 1 7 2| 592

came 0.569 | 0.735 0.692 | 0.745 | 0.806 0.793 | 0.810
e |30 3 710.495 3 9 6|0.621 2| 091
A 0.475 | 0.655 | 0.402 | 0.604 | 0.666 | 0.487 | 0.458 | 0.742 | 0.726

40 2 6 5 4 7 8 4 2| 493

0.411 | 0.603 | 0.343 | 0.522 | 0.600 | 0.317 | 0.358 | 0.705 | 0.712

50 5 3 5 7 4 3 4 4| 2

0.358 | 0.557 | 0.292 0.540 | 0.220 | 0.287 | 0.676 | 0.661

60 6 5 7| 0.456 4 9 3 1| 157

0.757 | 0.889 | 0.734 | 0.794 | 0.891 | 0.908 0.877 | 0.905

10 3 9 3 8 7 9| 079 8| 638

0.694 | 0.795 | 0.605 | 0.738 | 0.788 | 0.896 | 0.744 | 0.757 | 0.803

20 4 5 3 2 5 9 8 7| 513

0.615 | 0.722 | 0.492 | 0.671 | 0.702 | 0.837 | 0.602 | 0.701 | 0.829

barba | 30 4 8 6 8 1 5 2 2| 479
ra 0.536 | 0.658 | 0.405 | 0.594 | 0.632 | 0.514 | 0.462 | 0.652 | 0.660

40 9 1 5 8 1 4 5 1| 336

0.472 0.338 | 0.524 | 0.578 | 0.303 | 0.360 | 0.619 | 0.616

50 5 | 0.606 1 6 9 4 8 8| 647

0.415 | 0.555 | 0.286 | 0.463 | 0.531 | 0.215 | 0.288 | 0.597 | 0.599

60 4 9 6 6 9 5 2 4| 69

0.715 0.794 | 0.763 | 0.867 | 0.843 | 0.811 | 0.855 | 0.873

10 6| 0.867 7 7 2 9 9 8| 354

coupl 0.656 | 0.789 | 0.662 | 0.712 | 0.762 | 0.825 | 0.767 0.825
e | 20 4 2 9 3 6 7 5(0.767| 156

0.578 | 0.721 | 0.545 0.674 | 0.766 | 0.617 | 0.707 | 0.768

30 6 4 6| 0.646 3 8 1 1| 117
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0.502 | 0.660 | 0.448 | 0.569 | 0.604 | 0.444 | 0.465 0.721

40 4 3 8 8 9 3 910.624 | 022

0.438 | 0.603 | 0.375 | 0.500 | 0.545 | 0.254 | 0.350 | 0.590 | 0.629

50 3 4 1 4 8 5 8 8| 529

0.389 | 0.560 | 0.318 | 0.448 | 0.504 | 0.179 | 0.275 | 0.563 | 0.578

60 4 2 3 6 1 7 1 9| 486

0.865 | 0.960 | 0.934 | 0.827 | 0.951 | 0.924 | 0.917 | 0.943 | 0.961

10 4 8 9 5 2 6 3 6| 261

0.845 | 0.925 | 0.889 | 0.812 | 0.880 | 0.919 | 0.894 | 0.867 | 0.914

20 7 5 5 6 6 1 3 7| 444

0.817 | 0.886 | 0.835 0.806 | 0.888 | 0.836 | 0.803 | 0.870

finge | 30 3 1 510.792 1 3 9 7| 503
rprint 0.786 | 0.850 | 0.778 | 0.769 | 0.736 | 0.727 | 0.755 | 0.737 | 0.830
40 5 4 5 8 5 9 9 1| 023

0.744 | 0.809 | 0.717 | 0.738 0.542 | 0.664 | 0.668 | 0.800

50 8 8 5 1] 0.669 6 8 9 04

0.709 | 0.770 | 0.658 | 0.706 | 0.605 | 0.425 | 0.579 | 0.594 | 0.703

60 2 1 7 6 6 5 2 9| 025

5.7. Validation

The dataset of images available in [20] corrupted by additive Gaussian noise N(0,c)

with six different values for standard deviation 6=10, 20, 30, 40, 50, 60 was taken.

There were total of 66 noisy images. Different denoising algorithms were executed

over these images and PSNR & SSIM values were calculated for each denoised

images. The average PSNR & SSIM values for each noise deviation are calculated

and tabulated corresponding to the respective methods in table 5.17 & 5.18.

Table 5.17: Average PSNR values for images in dataset [20] denoised by different

methods
Average PSNR values

Method o=10 0=20 0=30 0=40 0=50 0=60

Bivariate 27.8079 | 26.6691 | 25.3858 | 24.0463 | 22.7872 | 21.7026
Weiner-Chop 33.3534 | 30.0502 | 28.1332 | 26.6299 | 25.4049 | 24.3347
Median 30.0304 | 27.0764 | 24.7184 22.782 | 21.1919 | 19.8434
Weiner 30.8184 | 28.4673 | 26.6168 25.048 | 23.7397 22.659
AD 33.6932 29.943 27.781 | 26.2485| 25.0155| 23.9911
BM3D 32.6519 | 31.7689 | 29.6167 | 22.8358 | 17.9778 | 15.5145
TV 31.7366 | 29.3544 | 25.8243 | 22.7276 | 20.3173 | 18.4306
HGA 33.6288 | 30.4156 28.504 | 26.6648 | 25.5056 | 24.4885
Proposed GA 34,5559 | 31.7665 | 29.9112 | 27.4219 25.886 | 24.6599
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Figure 5.24: Average PSNR values for images in dataset [20] denoised by proposed GA
& HGA

Table 5.18: Average SSIM values for images in dataset [20] denoised by different

methods
Average SSIM values

Method o=10 0=20 6=30 0=40 0=50 0=60

Bivariate 0.80577 | 0.72816 | 0.63649 | 0.55054 | 0.48106 | 0.42642
Weiner-Chop | 0.89997 | 0.83084 | 0.76767 | 0.70606 | 0.65575| 0.61072
Median 0.81273 | 0.65973 | 0.53156 | 0.43449 0.3639 | 0.30913
Weiner 0.83273 | 0.77212 | 0.69505 | 0.61254 | 0.54122 | 0.48311
AD 0.89954 | 0.81669 | 0.74257 | 0.67708 | 0.62105| 0.57331
BM3D 0.8802 | 0.86924 | 0.80928 | 0.44857 | 0.25629 | 0.17991
TV 0.86165 0.8007 | 0.61415 0.4494 | 0.34206 0.2694
HGA 0.89577 | 0.83303 | 0.78833 | 0.74007 | 0.70987 | 0.68375
Proposed GA | 0.91787 | 0.87805 0.8368 | 0.78911 | 0.73874 0.7059
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Figure 5.25: Average SSIM values for images in dataset [20] denoised by proposed GA
& HGA

5.8. Analysis

Table 5.11 shows comparison of PSNR values for different images denoised by
different methods. The entries highlighted in the bold are the best PSNR values
among the compared methods. It clearly shows that the proposed genetic algorithm
produces better PSNR values as compared to Visu Shrink, NeighSure Shrink & Bayes
Shrink. Figure 5.8, 5.9, 5.10 & 5.11 show corresponding PSNR plot for Boat, Glasses,
Lightning & Lena images respectively. From these plots, it is evident that the
proposed genetic algorithm clearly produces denoised images with higher PSNR

values than the compared wavelet based denoising methods.

Similarly table 5.12 shows comparison of SSIM values for different images denoised
by different methods. The values highlighted in bold are the best values for that noise
level. Figure 5.12, 5.13, 5.14 & 5.15 shows SSIM plot for Boat, Glasses, Lightning &
Lena images respectively. From the table and these plots we can easily conclude that
the proposed genetic algorithm produces denoised images having SSIM values far

better that those produced by the mentioned wavelet denoising techniques.

Table 5.13 shows PSNR comparison for the images corrupted with speckle noise.
Figure 5.18 & 5.19 shows PSNR plot for Boat and Lena image respectively. It can be
seen that as noise level increase the proposed algorithm produces better PSNR values.

Table 5.14 shows SSIM comparison for the images corrupted with speckle noise.

59



Figure 5.20 & 5.21 shows SSIM plot for Boat & Lena image. These plots show that
the image obtained from the proposed algorithm is more structurally similar to the

original image.

Table 5.15 & 5.16 shows PSNR and SSIM values of images obtained with the
proposed algorithm compared against other state-of-the-art methods respectively. The
values highlighted in bold shows the best value for the particular noise level. The
proposed method was able to outperform other methods listed in the table in terms of
PSNR & SSIM values.

Table 5.17 shows the average PSNR values for each noise level for images in dataset
[20] denoised by different method. It shows the proposed genetic algorithm has higher
PSNR values on average for each noise level as compared to other denoising method.
Figure 5.24 shows the comparison between proposed genetic algorithm and HGA [21]
in terms of PSNR. The proposed method produces higher PSNR values on average
than that of HGA.

Similarly, table 5.18 shows the average SSIM values for each noise level for images
in dataset [20] for different denoising methods. The values highlighted in bold shows
the best average value for each noise level. It is seen from this table that the proposed
genetic algorithm produces best SSIM values on average as compared to other
methods. Figure 5.25 shows the comparison in terms of SSIM values between
proposed genetic algorithm and HGA [21]. From this chart we can conclude that the

proposed genetic algorithm produces more structurally similar image than HGA.
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CHAPTER 6: CONCLUSIONS

The main objective of image denoising technique is to remove the noise content from
noisy images while preserving relevant information, for instance, textures & edges. In
this work Genetic Algorithm was proposed to be applied with image denoising using
wavelets, where three different techniques i.e. Visu Shrink, Bayes Shrink & Neigh
Shrink were used as mutation operators and helped to initialize and reinitialize the
populations. A total of 6 levels of noise were applied to the test images and the
algorithm was executed 10 times for each image. The proposed method was evaluated
against Visu Shrink, Bayes Shrink & Neigh Shrink. The numerical values for PSNR
& SSIM showed that the proposed method outperformed the mentioned denoising
schemes, which indicates that the combination of GA with specific methods for image

denoising can bring significant gain.

The proposed method was also compared with techniques available in the literature.
The numerical values for PSNR & SSIM showed this method outperformed the
denoising techniques mentioned in the literature.
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CHAPTER 7: LIMITATIONS & FUTURE WORKS

The results obtained by the proposed method shows significant gain can be obtained
against wavelet denoising methods by application of genetic algorithm. But this gain
can be obtained on the cost of the execution time. The current stop criterion defines a
specific amount of time to execute the method, so the proposed method is slow when
compared to other methods. This is worse when several executions are necessary.
Thus, stop criteria able to conclude the execution when a better image is already

found can be under evaluation.

The fitness function was able to guide the algorithm through the solution space, but
there may be cases where good images are not recognized by it. For instance, an
image recovered by Bayes Shrink can have high values of PSNR or SSIM, but the
fitness function does not assign to it a relevant value. This can occur once the fitness
function makes a calculation without the original image, so it works without a clue

about how far we are from the original image.

Also this method was unable to remove the SPN noise because the local search
operators i.e. Visu Shrink, Bayes Shrink & Neigh Shrink are not effective methods to
remove SPN noise. In future, methods which can remove SPN can be integrated as
local search operators. Also, it can be improved to remove mixed type of noise in real

world scenario.

This work did not focus on the computational cost of the method, but on the quality of
the denoised images. Investigating the computational cost and reducing the current

execution time may be a topic for future work.
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