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Abstract

Contrast enhancement with the noise removal

by a discriminative filtering process

Badrun Nahar

In many image processing tasks, a good contrast is essential for a better interpretability and
extraction of image features. Hence, a contrast enhancement is necessary if the image to be
processed has a poor quality. Numerous methods of contrast enhancement have been developed
based on various data transformations. However, in the application of any of the existing
method, one has to handle the problem of the conflict of the degree of enhancement and noise
created in the process, and/or that of a good quality of the enhancement versus the cost of

computation.

In this thesis, a method of contrast enhancement is proposed. It combines a histogram
equalization to enhance the gray-level gradients and a low-pass filtering to remove the noise
created by the inappropriate enhancement in some regions of the image. Such regions need to be
identified for an effective noise removal without losing signal gray level variations. The
emphasis in the development of the filtering process is to make the low-pass operations
discriminative according to the presence of noises and signal variations in different regions for a
good signal preservation. Also, as the noise and signal often co-exist in a region, the balance
between the preservation of signal gradients and the removal of the assumed noise variations is

different from region to region. The low-pass filtering applied to the regions having some signal



edges should not be the same as that to very flat ones. In the proposed method, a low-pass
filtering of different smoothing is implemented by successive stages of simple low-pass filters. It
is applied to different regions by means of different masks controlling the operations in the
stages. A classification process is designed to identify the pixels in different regions, and based
on the classification results, the controlling masks are generated. The classification and the mask
generation are implemented by using very simple logic operations. The overall complexity of the
proposed enhancement is very low, compared with those reported. The simulation results
demonstrated that the proposed method lead to a superior quality of the contrast enhancement of

varieties of images, in terms of visual quality and measurement of preservation of edges.
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Chapter 1

Introduction

Many research themes in digital image processing are about the improvement of image
quality. Enhancing the contrast to reveal sufficient details of objects and background in an image
is often required in various image processing tasks. Images of poor contrast are often produced
due to various reasons and thus a contrast enhancement become necessary before being
processed for a particular purpose. The quality of the enhancement will affect the quality of the

processes in the succeeding stages.

There are varieties of contrast enhancement methods. Each has its advantages and
drawbacks. In this chapter, the background of this study and its importance are described. The
motivations and the objective of the work are stated. Also the scope of the work and the

organization of the thesis are presented.

1.1 Contrast enhancement and the challenges

Low contrast images are often produced under poor conditions of image acquisition. For
example, if a natural scene of rich intensity variation, often referred to as high dynamic scene, is
acquired by a camera of standard dynamic range that is much narrower than that of the scene, the
original image will have regions under-exposed and over-exposed, resulting in a poor contrast. In

case of medical imaging, the projection has to be low-dosed to reduce the damage to the body



tissues, and the projected image may have a very low contrast. In some other cases, the image

contrast may be reduced by transmission.

The problem of poor contrast is reflected as poor gradients, representing signal attenuations
in an image. It affects the results of the image processing in many aspects. In particular, it makes
the edge detection more difficult, which may lead to a severe degradation to the overall

processing quality.

There are various approaches to a contrast enhancement. Some are done in the process of
image acquisition by high dynamic imaging (HDI). It is to use a multi-exposure technique to
acquire multiple images of the same scene and to merge those together [5]. Others are to enhance
the gray level variations in the acquired images. Varieties of data transform are used for this
purpose and the most commonly used is the histogram equalization (HE). It is to remap gray
levels based on probability density function of an image so that the gray level distribution of the
image becomes more even as shown in Figure 1.1. However, no matter which transform method
is used for a contrast enhancement, there are always concerns of noise introduced in the process.
In general, the degree of the contrast enhancement seems to contradict the noise level of the
enhanced image. On one hand, advanced histogram equalization methods are developed to target
the problem of enhancement-noise conflict. More sophisticated forms of the pixel mapping
functions may help to reduce the severity of the problem, usually at the expense of more
complex computation [21] [29]. On the other hand, filtering process can be added to reduce the
noise [23] [4] [15]. However, a simple filtering can also erase enhanced signal variations
whereas a sophisticated filtering may also require a large amount of computation. Developing
contrast enhancement methods that are effective for the improvement of the contrast, and

reduction of the noise and computation cost is a challenging task.
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Figure 1.1 (a) Histogram of a low-contrast image.
(b) Histogram after the HE process

1.2 Motivations and objective

A good image contrast facilitates the task of further processes in image processing such as
feature extractions. Developing an effective method of image contrast enhancement, in terms of

computation efficiency, is important for the design of algorithms that lead to an easy

implementation.

The objective of the work presented in the thesis is to develop a computation-efficient
method for image contrast enhancement. The emphasis of the work is on the minimization of the
noise produced in the process of the enhancement. It aims at a good image contrast with the best

preservation of gray level variations of image signal.

1.3 Scope and organization of this thesis

To achieve the above-mentioned objective, the work will be in the topic areas of histogram

equalization for the contrast enhancement, and the filtering operations to remove the noise



created in the HE process. The main task is to develop a low-pass filtering method to remove the
noise without erasing the signal variations in the image. Hence, the filtering process will involve
a pixel classification so that the smoothing operations performed by the low-pass filters will be

effectively discriminative in the image space.

The thesis is organized as follows. In chapter 2, the basics about the contrast enhancement
and low-pass filtering are described. Some of the existing work relevant to this one is also
presented. The description of the proposed enhancement method is presented in chapter 3. In
particular, the approach to the discriminative filtering and the pixel classification is described in
an elaborate manner. A performance evaluation of the image enhancement process developed
with the proposed method is found in chapter 4. The subjective observations of the simulation
results and the objective measurements are presented. The work of the thesis and results are

summarized in chapter 5.



Chapter 2

Background and the relevant work in the topic domain

Images of good contrast are essential in different image processing tasks. But acquiring a
good contrast image directly from the acquisition device is not always possible because of the
limitation of those devices and the improper illumination conditions of surroundings. Hence, the
enhancement of image contrast is an important pre-process in many application areas of image
processing. Contrast of an image can be improved by increasing the gray level shades among the
objects and background of an image. By means of different data transformation method, e.g.,
histogram equalization, wavelet transform etc., image contrast can be enhanced. Since, HE
method is one of the simplest and effective method, HE-based contrast enhancement is employed
in many applications. However, some undesired gray level variations are introduced in the image
during the enhancement by the HE process, those degrade the image quality. So, it is important

to employ some procedure in the HE process that can erase these variations.

Several approaches are found in the literature those are developed to reduce these undesired
gray level variations, i.e., noises. Some of these approaches [1] [21] are based on the modulation
of the parameters involved in the mapping function according to some homogeneity criteria.
These kinds of modulated functions sometimes are not able to enhance the contrast sufficiently
in some specific regions in order to suppress the visibility of noise. Some mapping functions of
such kind provide good enhancement, but are controlled by sophisticated modulation of

parameters that make the overall procedure highly computation intensive. Besides these



approaches, there are some other approaches [23] [4] [15] those employ low-pass operation after
the contrast enhancement process. The low-pass operation in this case needs to be discriminative
so that it can distinguish different regions of the image and adjust the degree of smoothing
depending on the severity of noises and presence of signal variations in different regions. This
discriminativeness is to ensure the effective removal of noise without affecting the signal
variations. The challenge of this kind of approach is to design an appropriate procedure for
classifying the image regions and choosing proper low-pass filters that suit the image application

in terms of noise removal, preservation of fine details and computation efficiency.

In this chapter, some background knowledge of HE-based contrast enhancement methods,
low-pass filters and classification procedures will be presented in the sub-sections 2.1.1, 2.1.2

and 2.1.3, respectively. In § 2.2, some existing works relevant to this thesis will be introduced.

2.1 Basics of image processing related to the proposed method

As the method of contrast enhancement developed in this work involves HE-based contrast
enhancement followed by discriminative low-pass operation, it is necessary to study the existing
works related to each process of this method. Hence, in the following sub-sections, the state of
the art methods of the HE-based contrast enhancement, the low-pass filtering and classification

procedures are included.



2.1.1 Histogram equalization for image contrast enhancement

Histogram equalization is being used in different application areas of image processing for
contrast enhancement due to its simplicity and effectiveness. Standard HE process enhances the
global contrast of an image by distributing the pixels of the entire image uniformly among all the
gray levels. The normalized histogram of the image is approximated as its probability density
function (PDF). Based on this PDF, a non-linear mapping function is generated that maps the
new gray level values for each of the old gray level. The mapping function T(r) of the HE

process [Gonzalez & Woods, 2002] can be expressed as,

k k n
se=T(r) = Zpr(T}-)Z zf k=0,1,.. L—1.
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Here, s}, is the new gray level value for the input gray level 1y, p, (r]) is the PDF of the input
gray level j, n is the total number of pixels in the input image and »; is the number of pixels

having gray level j . In Figure 2.1, the mapping function of the HE process is illustrated.
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Figure 2.1 Gray level mapping function in the HE process [8].



HE process is effective when the background and objects both are dark or bright. But the
contrast of the images with both under-exposed and over-exposed regions cannot be enhanced
effectively by it. Moreover, it creates some undesirable effects like over-enhancement of more-
frequent gray levels and loss of contrast for less-frequent gray levels. To overcome the
shortcomings of the standard HE method, many improved HE-based methods have been
developed and proposed. The proposed methods, generally, belong to two types: the adaptive
(local) HE methods (AHE) [14] [25] [6], and the improved global methods [27] [28] based on

normal HE.

AHE methods are able to enhance the local contrast and thereby reveal more details. Basic
AHE computes the HE mapping for each pixel based on a contextual region surrounding the
pixel. This method brings out more detail than HE. However, it over-amplifies noises in
homogeneous regions and it is computationally very intensive. Later many variants of AHE have
been developed to address the problems of the basic AHE. Contrast Limited Adaptive Histogram
Equalization (CLAHE) is one of such variants, which has controllable parameter to limit the
contrast. In CLAHE process, the input image is divided into a number of tiles. Optimal number
of tiles depends on the type of input image. For each tile, the histogram of the contained pixels is
calculated. Based on a desired limit for contrast enhancement, a clip limit is decided for clipping
the histogram. The higher the clip limit, the more the contrast enhancement. This clip limit fixes
the maximum number of pixels allowed in each histogram bin. The pixels that exceed this clip
limit are redistributed equally in all the histogram bins until they do not go below the clip limit.
The obtained histogram is then normalized and used to estimate the new gray levels using the HE
mapping function. These new mapping functions result artificially induced boundary among the

neighbouring tiles. To eliminate this boundary effects, bilinear interpolation is performed.



The CLAHE algorithm was originally developed for medical imaging and has proven to be
successful for the enhancement of low-contrast images too. However, it has some drawbacks. If
the contrast is increased, noise also increases specially in homogeneous regions. A low-pass
filtering operation after the CLAHE process can be employed to smooth the noise and improve

the overall quality of the enhancement.

2.1.2 Low-pass filters

In digital image processing, to remove the undesired gray level variations, i.e., noises from
an image, low-pass filtering is generally employed. Numbers of low-pass filters have been
developed for de-noising, such as simple Gaussian filters [8], Yaroslavsky neighborhood filters
[9], bilateral filters [26], non-local mean filters [20], anisotropic diffusion filters [22], median-
based filters [10], and so on. Each filter has its own merits and demerits depending on the
priority of the application. Some filters are more efficient to remove the noise while blurring the
image, whereas some are capable of moderate noise removal with good preservation of signal

variations. Also, the computational complexity of each filter is different.

Gaussian filter is one of the simplest low-pass filters used for noise removal. It effectively
eliminates the high-frequency noises, but blurs the fine details and sharp edges of the image. It

smoothes the image by replacing the center pixel with the weighted average of the neighboring

_ x%+y?
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pixels. The weights are calculated from the Gaussian function, (x,y) = py—,

is the standard deviation. The higher the ¢ value, the higher the degree of noise removal and

blurring.



Yaroslavsky filter is a de-noising filter based on non-local algorithm. It takes a weighted
average of the values of the pixels which are from a particular neighborhood. The neighborhood
consists of the pixels which are both close in terms of gray level values and spatial distance to
the center pixel. If the neighborhood based on gray level proximity and spatial distance

proximity are defined by B(i, h) and B, (i) , respectively, where

B(i,h) ={j€l|u(d) —h<u(i) <u(i)+h} with u being the original image, / being the
gray level value and B, (i) is a ball of center i and radius p, the total neighborhood of the

Yaroslavsky filter is B(i, h) N B, (i) . The closed form of the filter is expressed as,

_ lum-u)|?

Y, (x) = u(y) e ot dy

C (x) Bp(x)
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where, C(x) = a2 dy 1is the normalization factor, u(x) and u(y) are the gray
B

(0 €

level of the center pixel and the neighborhood pixel, respectively, and o is the degree of filtering.

A more sophisticated variant of Yaroslavsky filter is the bilateral filter. It is expressed as,

1
h(x) = o)) Bp(x)W(x,y) B (u(0), u()u(y) dy

where, C(x) = [,

e w(x,y) (D(u(x),u(y)) dy is the normalization factor. The two
weighting factors of this filter, w(x,y) = w(x —y) and @(u(x),u(y)) = d(u(x) —u(y)).
These are the weights corresponding to spatial distance and gray level proximity, respectively.

This kind of filter usually performs better than Gaussian filters in terms of preservation of fine

details while eliminating noise. But the computation complexity is much higher.
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Median based filters are non-linear filters, which have a good quality of preservation of
signal variations during noise smoothing, even if the signal variations and the noise occupy the
same frequency band. Theses filters are based on order statistics. A basic square median filter
arranges all the pixels of a small window in sequential order, and replaces the center pixel with
the middle value of the ordered set. Since the replaced values consist one of those present in the
neighborhood unlike the average filters, it is more efficient to preserve the signal variations.
And also, as it does not introduce any unrealistic gray level values during the filtering process, it
can be used repeatedly to strengthen the noise smoothing. However, there are some demerits of
square median filters. It cannot preserve the corners of the image objects and also erases the thin
lines. To overcome the problems of square median filters, many advanced median-based filters
are developed, such as weighted median filters [19], median hybrid filters [13], multi-stage

median filters [12] [17], and so on.

In multi-stage median filters, instead of one median operation, several stages of median
filters are used. The main idea is to combine the outputs of some basic sub-filters where each of
them is designed to preserve the signal variations in certain orientations. The bidirectional multi-
stage median (BMM) filter is one of the variants of such filters. It takes the median value of a set
consisting of the center pixel, the median of the diagonal pixels, and the median of the

orthogonal pixels. The total procedure can be expressed as follows.

Let us consider a square window W of size (2n + 1) X (2n + 1). The diagonal pixels shown
in Figure 2.2 (a) form the diagonal kernel W), the orthogonal pixels in Figure 2.2(b) form the

orthogonal kernel Wy and x(i,j) is the center pixel. Then, the output of the BMM filter can

11



be expressed as,

v(i,j) = Median { Median(Wp), Median(Wy), x(i,j) }.

Here, W, = Wy N Wysuchthat Wy ={x(i+k,j+k),n<k <n,k+0},
W,={x(i—k,j+k), mn<k <n,k#0},
And Wy = W3 N W, suchthat W3 ={x(i,j+k),—n<k <n, k+0}and

Wy={x(i+k,j),n<k <n,k+0}.
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Figure 2.2 (a) Diagonal kernel W) formed by the black pixels.
(b) Orthogonal kernel Wy formed by the black pixels.

The performance of BMM filter is better than square median filters in terms of preservation
of signal variations and implementation speed. It can be employed repeatedly in a low-pass

filtering operation. Comparing to other sophisticated weighted average filter described earlier,

12



multi-stage median is computationally efficient and can better preserve the fine details while

removing the noise.

2.1.3 Classification

Classification is a process that involves separating an image into regions having some
measure of similarity among them. It is considered as an important basic operation for
meaningful analysis and interpretation of an image. Classification approaches are largely
application dependent. Researchers have extensively worked over this fundamental problem and
proposed various methods based on region growing and shrinking methods, clustering methods

and Boundary detection methods [7].

In the clustering method, image pixels are placed into several groups based on some measure
of similarity within them. One of the standard clustering methods is thresholding of image
histogram. Comparing to other types of methods, this method is the simplest. In this method,
initially histogram of the entire image is calculated. Then, the shape of the histogram is analyzed
and significant peaks are identified. The best peaks are selected and gray level thresholds are set
on either side of each peak. The image is classified into regions based on these peaks. An

illustration of this image thresholding is presented in Figure 2.3.
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Figure 2.3 Classification of image by thresholding. Two thresholds are selected, one of each side of the
peak. Then the image is divided into two regions. Region 1 corresponds to those pixels with
feature values between the selected thresholds. Region 2 consists of those pixels with feature
values outside the threshold [7].

This kind of classification is particularly very effective for low-contrast images as these
images have significant peaks in their histograms. The accuracy of the classification largely
depends on proper threshold selection. Many research works have been done to define an

effective way of threshold selection [24].

After the thresholding of an image, there may remain some misclassified pixels. To
minimize this misclassification, some region correction [18] algorithm can be employed. This
kind of algorithm identifies the misclassified pixels by checking their similarity with their
neighbors connected along different directions. If the neighbors having the similar status of a
pixel form certain patterns, they can be considered as a misclassified pixel and their status will

be corrected. Thus the region correction algorithm helps to increase the precision of
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classification. Since, the thresholded image is usually a binary image and region correction is

applied on it, the overall procedure is computationally efficient.

2.2 Relevant approaches related to the thesis work

The aim of the work in this thesis is effective removal of noise from a contrast enhanced
image with preservation of signal variations. When the contrast of an image is enhanced by
means of some enhancement process like HE-based methods, undesired gray level variations are
introduced in the image. These undesired variations are mostly visible in homogeneous regions
those degrade the overall image quality. These noises need to be smoothed discriminatively in
order to attain an effective removal of noise as well as a good preservation of signal details. To
handle this kind of problem, different approaches are proposed in the literature. In this section,
the generalized ways of solving this problem will be discussed and two state of the art methods

will be described briefly.

Generally, there are two different approaches found in the literature to produce low-noise
contrast enhanced image. One approach is to modify the mapping function of the contrast
enhancement process [1] [21] in such a way that the undesired variations, i.e., noises are
remained suppressed during the contrast enhancement. In this case, degree of revealing the
details is sometimes compromised with the noise reduction. Sometimes the modified mapping
functions become very sophisticated in terms of computational complexity. The other approaches
[23] [4] [15] are to smooth the contrast enhanced image by the low-pass operation. The kind of

low-pass operation needs to be discriminative so that it can distinguish the signal variations and
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the noises of the enhanced image, and implement the smoothing only in the noisy regions in

order not to damage the signal variations.

The goal of the work in [23] is to develop a universal approach to remove different kinds of
artifacts and noises created after contrast or color modification. The authors denoted the noises
as spatial irregularities of mapping function of contrast or color modification. They proceeded to

regularize this irregularity with the help of Yaroslavsky filter in the following manner:

Given u is the original image, T (u) is the contrast modified image. Then the mapping function
irregularity is defined as, M(u):= T(u) —u. To regularize M(u), they developed the

transportation regularization map (TMR) filter as,
TMR,(T(w)) = Y,(T(w)) + u — Y, (w).

In this regularization process, Y, (T (u)) is blurred due to low pass filtering. The image detail
(u —Y,(u)) is added with it to restore the fine details. To make this regularization process

iterative in order to removing artifacts effectively, the filtering process is organized as follows:
TMRE (T(w)) = Yk (T(w) — w) + u.

Here, Y,¥ refers to the recursive use of Y;, filter.
To decide the number of iterations, they compute a convergence map C(x) as,

CO) =1 T — w) - Y (Tw - w

Iteration continues on a pixel x until the condition C(x) >t is achieved. Here, t is the user
defined threshold. When C(x) becomes smaller than t, the iteration stops for that pixel. The

whole procedure of the iterated TMR filtering is illustrated in Figure 2.4.
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Figure 2.4 TIterated TMR filtering of contrast enhanced image [23]

The output quality produced by the iterated TMR filtering is actually depended on the
quality of the input image since the original input is added with the low-pass filtered image in
each iteration. So, its performance, in terms of contrast enhancement, degrades when the input
image is a very low-contrast image. In terms of noise removal, though it performs well, but it
erases the fine details like fine textures of image. The overall computational complexity of this

process is heavy.

The work in [4] also aims at removing the noises from a contrast enhanced image. It does so
by employing the projection onto convex sets (POCs) based post-processing after HE-based
enhancement. In the post-processing, a convex set is computed that denotes possible range of
output gray levels for a particular input gray level. Computation of the ranges is based on the
mapping of the HE process. Using the convex set constraint, two sub-processes are carried out.
First the HE-enhanced image is passed through a low-pass filter and after this process, the gray
levels which move outside the range of convex set, they are revalued to the upper or lower

boundary of the range. This sub-process is named as boundary condition. To suppress false
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contour, dithering is applied at the end by adding a pseudorandom noise. The low-pass, boundary
and dithering conditions are iteratively applied until the difference between two successive
iterations becomes negligible. The overall procedure of this method is illustrated in Figure 2.4.
This method is computationally intensive as the number of iterations required to effectively

remove noises is high.
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Figure 2.5 Enhancement of contrast followed by noise removal based on POCs post-processing

[4].

2.3 Summary

Developing an effective method of noise removal from a contrast enhanced image is the
main objective of this thesis work where emphasis is given to yield good preservation of signal
variations and an efficient computation. The background of the processes those are involved in
developing this proposed method is discussed in this chapter. In the beginning sub-sections of
this chapter, state of the art methods related to each process are presented. Along with the

procedural steps of the processes, their performances are mentioned briefly. In the later section,
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some relevant works related to the proposed method are mentioned. The procedure and

performance of two of those methods are described.

In the next chapter, detail of the proposed method will be presented. The design issues and
challenges in developing each process involving the method will be discussed. Design of the two
important procedures related to the proposed discriminative filtering, classification and low-pass

filtering, will be described elaborately.
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Chapter 3

Contrast enhancement with the noise removal by a discriminative
filtering process

As described in Chapter 2, varieties of HE are used for contrast enhancement in image
processing. However, an HE-based contrast enhancement often results in noises and artifacts
which degrade the overall image quality. The objective of the work presented in this thesis is to
enhance the image contrast with an effective removal of the noises and artifacts. The emphasis of

the work is on the low-pass filtering with a good preservation of signal variations.

In an HE-based process, the gray level distribution of the original image is modified by using
a non-linear mapping function, which creates, in many cases, some undesired gray level
variations in the enhanced image, mostly appearing in homogeneous regions. Applying
uniformly a straight-forward low-pass filtering leads to the loss of image details while removing
those variations. It needs to design a discriminative low-pass filtering process to apply an
appropriate dose of low-pass operation on selected noisy regions while the other regions with
signal variations remain untouched. Such a discriminative filtering operation can be resource-
demanding as the computation for the classification of the regions can be complex. The work
presented in this thesis aims at developing a computation-efficient discriminative low-pass
filtering process. In this process, the areas in the image space are discriminated, i.e. some are to

be filtered and others are not. In the regions to be filtered, different low-pass filtering operations
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are applied to different parts, depending on the severity of noises and also the priority of the

preservation of signal variation in different regions.

The chapter is organized as follows. The first section presents an overview of the proposed
method of contrast enhancement involving the low-pass process. The selection of the HE process
for the contrast enhancement is described in § 3.2. The pre-filtering after the HE is discussed in §
3.3. Section 3.4 is dedicated to the detail description of the development of the pixel
classification method and the creation of the masks. The design of the low-pass filters is

presented in § 3.5.

3.1 Overview of the proposed method

The general scheme of HE-based contrast enhancement with noise reduction is shown in
Figure 3.1. The low-pass filtering is often used to remove the noise and artifacts created in the
HE. The challenging issue of the work in the contrast enhancement is to make the filtering

discriminative to noise and signal variations.

Input Image —» HE-based Low-pass  —— Output Image

enhancement

Figure 3.1 Block diagram of contrast enhancement involving noise reduction by LP filtering.
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As mentioned previously, the noise and artifacts generated in the process of the HE are more
visible in homogeneous regions. It is also to say that in less homogeneous regions, the noise
exists and need to be removed, though it is less visible. In order to improve the visual quality of
the image, more low-pass filtering should be carried out in the homogeneous regions than in non-
homogeneous regions. Hence, to make the noise removal effective with a good preservation of
the signal variations, the filtering process should be performed with different kinds of low-pass
operations. In general, the image can have three categories of regions. The non-homogeneous
regions, where the gray level varies at higher frequencies, can have a light-dose of low-pass
operation to remove some pitches if it is needed. A heavy-dose low-pass operation should be
applied in obvious-homogeneous regions to remove the noise and artifacts. The rest of the image,
of which some parts are close to the obvious-homogeneous regions and others to the non-
homogeneous regions, may need median-dose low-pass filtering. Therefore, the filtering process
is made to have several stages, as shown in Figure 3.2. The low-pass operations in the stages can
be identical or different. The first stage, namely the pre-filtering, is made to perform a slight
smoothing operation. The second one, i.e., LP;, can perform a moderate or medium blurring.
Assuming that all the stages, except the first one, have the same operator, the effective
neighborhood size of the overall low-pass operation will increase from stage by stage, and the

strength of the low-pass filtering will progress.

. I I,
;. Pre-filtering || LP, Iui » LP, | — - E | LPy | —
| T T )
[bwl Ibe Ibwn

Figure 3.2 Different stages of the proposed discriminative filtering process. The masks Zp,;, . .
I, are used to make each operation to be applied to the selected pixels.
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The low-pass operation in the first stage, i.e. a pre-filtering, is applied to the entire image,
and that in each of the other stages is applied discriminatively to certain regions, defined by the
mask 7p,,, as shown in Figure 3.2. Each of the masks makes a certain number of pixels exposed
to receive the low-pass operation, and remaining ones masked to be untouched. If n,; denotes the

number of the exposed pixels in the mask 7,;, we will have n,; > n,, >.

.. >Ny It is to say
that the low-pass filtering is applied progressively, first to all the pixel population of the image,
then to a large number of pixels, excluding those in obvious non-homogeneous regions, and in

the last stage only those located in obvious-homogeneous regions will be processed.

As the progressive low-pass filtering is applied to make the pixels in different regions get
different degree of smoothing, one needs to classify the pixels and grouping them according to
the conditions of particular regions. As mentioned above, there are at least three categories of
regions, i.e. obvious-homogeneous regions, non-homogeneous regions and the remaining ones.
For a higher quality de-noising, the third category can be further divided. The criteria to be used
in the classification are defined according to the applications and the critical issues in each
detection. In this work, the classification is done in two steps, namely thresholding and region
correction. The former is a coarse classification based on the pixel population condition and its

result is fine- tuned in the latter.

Summarizing the above description, the proposed contrast enhancement can be expressed by
the block diagram shown in Figure 3.3. The removal of noise and artifacts generated in the HE is
done by a discriminative low-pass filtering process. The successive low-pass stages make the
strength of the filtering progressive. The masks controlling each of the stages make the filtering
discriminative in the image space and the different coverages by those masks allow the multiple-

level low-pass filtering to be applied progressively in different categories of regions.
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Figure 3.3 Block diagram of the proposed method of contrast enhancement followed by the
low-pass filtering.

The input image used in the development is shown in Figure 3.4(b), referred to as the test
image. It is obtained from the image in Figure 3.4(a), referred to as the reference image. The test
image has a good combination of a flat background and multiple objects containing various
frequency components of different orientations. Also, there are low contrast regions in both ends

of gray level range, which is confirmed by its histogram shown in Figure 3.4(c).
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Figure 3.4 (a) Original good contrast reference image.
(b) Low contrast test image.
(c) Histogram of the test image.
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3.2 Contrast enhancement by CLAHE

HE-based algorithms are widely used for contrast enhancement. The HE algorithm used in
our scheme is Contrast Limited Adaptive Histogram Equalization (CLAHE) [1] , one of the
commonly used adaptive HE algorithms. It provides users with a control of the degree of
enhancement by means of the clip limit. A higher value of the clip limit results in a higher
degree of contrast enhancement, however, also causes more visible noise and artifacts,
particularly in homogeneous regions. Figure 3.5 illustrates two enhanced images and their

histograms obtained by applying two different clip limit values, respectively.
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Figure 3.5 Images and their histograms obtained by applying CLAHE with different clip limit
values. The tile size is 20x20.
(a) Clip limit: 0.01.
(b) Histogram of (a).
(c) Clip limit: 0.25.
(d) Histogram of (b).
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Comparing the two enhanced images shown in Figure 3.5(a) and (c), one can easily see that
the higher clip limit yields a better contrast enhancement as more details appear in Figure 3.5(c)
than that in (a). However, the noise and artifact in Figure 3.5(c) is much more pronounced than
that in (a). A better enhancement result of a higher clip limit is also reflected by a more even

distribution of gray levels in the histogram as shown in Figure 3.5(d) than that in (b).

In the proposed method expressed in Figure 3.3, CLAHE with a high clip limit is used in the
block of the HE-based enhancement as it enables to reveal more image details. The noise and
artifacts resulting from this enhancement, however, requires a challenging task of their removal
in the succeeding stages. In general, a low-pass filtering process is used for noise removal. But a
good quality of removal operations necessitates a custom design to make the filtering suit the
characters of the signal and the noise in order to preserve the image information. For this
purpose, it’s important to investigate the behavior of the noise introduced by the HE so that one
can design the first stage of the filtering aiming at removing the noise with the priority of well
preserving the signal variation. The procedure of the pre-filtering is presented in the following

section.

3.3 Pre-filtering of the CLAHE-enhanced image

The pre-filtering block is designed to perform a very light low-pass filtering in the entire
image with the priority of preserving the signal variation. In order to do so, one needs to have a

good analysis of the noise to find its characters.
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In the process of the HE, a small gray level variation in a homogeneous region can be
enhanced in such a way that its amplitude becomes as large as those of the signals in non-
homogeneous regions. To identify the noise variations from the signal variations, let’s have some
observation of the enhanced image by CLAHE shown in Figure 3.6(a) that is copied from Figure
3.5(c). The details of a region covering a homogeneous segment and a non-homogeneous one are
illustrated in Figure 3.6(b). For a comparison purpose, the same region before the enhancement

is presented in Figure 3.6(c).

(©

Figure 3.6 Comparison of the image segments before and after CLAHE process.
(a) Enhanced Image by CLAHE with clip limit: 0.25, The framed segment is shown in (b).
(b) Enlarged segment framed in (a).
(c) Enlarged segment before CLAHE process.
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In Figure 3.6(b), the variations in the homogeneous segment have very noticeable
appearance with respect to the signal details. However, it can be seen that the enhanced noise
variations have some characters different from those of the signals. To better visualize the
differences, a 1-D presentation of gray level variations sampled from the segments before and

after CLAHE is shown in Figure 3.7.
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Figure 3.7 One-D presentation of the image samples.
(a) Before CLAHE, sampled from Figure 3.6(c).
(b) After CLAHE, sampled from Figure 3.6(b).
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Each of the graphs in Figure 3.7 illustrates the gray level variations in both homogeneous
and non-homogeneous segments. By observing the two graphs carefully, one can notice that the
gray level variation of the noise in the homogeneous segment located in the left-hand side is very
much enhanced and its frequency is visibly higher than that of the variation in the non-
homogeneous segment. In this case, a low-pass filter can be used to filter out the high frequency
noise. A simple Gaussian filter can be employed for this purpose. Figure 3.8(b) and (c) show the
results of the Gaussian smoothing with different ¢ values applied to the image shown in Figure

3.6(a). Their corresponding 1-D presentations are shown in Figure 3.9(b) and (c).
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Figure 3.8 (a) CLAHE-enhanced image same as that shown in Figure 3.6(a).
(b) After Gaussian filtering with ¢ = 0.6.
(c) After Gaussian filtering with o = 2.

By comparing Figure 3.8(b) and (c¢) with that shown in Figure 3.18(a), we see that in both of
the smoothed images the noise in homogeneous regions is reduced. However, in Figure 3.8(b),

more signal variations are preserved while its homogeneous region is less smoothed, compared
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to those in Figure 3.8(c). As it is difficult to recover a signal detail once it is lost, an over-
blurring filtering, as that observed in the non-homogeneous regions in Figure 3.8 (c), should be
avoided in this stage. It should also be noticed that the image patterns in the non-homogeneous
regions in Figure 3.8(b) look better than those in Figure 3.8(a), because the high frequency
pitches are removed by the Gaussian filtering. Thus, a light smoothing is suitable in many cases
as a pre-filtering applied to both homogeneous and non-homogeneous regions before the

discriminative low-pass operations, in which the non-homogeneous pixels will be masked.

An 1-D presentation of the gray level variations at the same location as that in Figure 3.6 is
found in Figure 3.9. It confirms that the higher o Gaussian filtering causes a loss of some gray
level details in non-homogeneous segments even though it makes a better noise removal in

homogeneous segments.
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Figure 3.9 Comparison of image samples with-and-without Gaussian smoothing after CLAHE
process.
(a) Image sample from Figure 3.5(c), before Gaussian filtering.
(b) Image sample from Figure 3.8(b) which is Gaussian-filtered with ¢ = 0.6.
(c) Image sample from Figure 3.8(c) which is Gaussian- filtered with o = 2.
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Based on this observation, it can be concluded that a Gaussian smoothing filter with a low ¢
can be used to carefully remove part of the HE-generated noise and artifacts. However, a better
noise removal needs a low-pass filtering that has a discriminative nature in order to better
smooth homogeneous regions meanwhile preserving the image details of non-homogeneous

regions.

In the proposed method shown in Figure 3.3, a Gaussian filter with a very moderate or low ¢
value is used for the pre-filtering. The ¢ value of the Gaussian filter is determined in such a way
that it only suppresses the noise that has much higher frequencies than those of the signals. In
some cases, if the frequency difference is not significant, one may spare the pre-filtering in order
to preserve the signal variations. Removing the noise and the artifacts that are not eliminated by
the pre-filtering requires a further filtering process controlled by a signal /,,; of classification as
shown in Figure 3.3. To this end, this classification is to identify the pixels in homogeneous
regions and non-homogeneous regions, as the noise in the homogeneous regions is mostly
generated by the HE. In the following sections, more study of the characters of the gray level

variations in these regions is presented and a procedure for classification is proposed.

3.4 Classification of the pixels and the generation of the masks

The pre-filtering presented in the previous section is designed to reduce the high frequency
noises with a maximum preservation of signal variation and produces a filtered signal /. But the
remaining noises and artifacts are still visible particularly in the homogeneous regions. Hence, in
order to remove them, it necessitates a discriminative filtering process effectively functioning

only on the homogeneous regions while keeping the pixels in non-homogeneous ones untouched.
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To perform this filtering, an effective classification of the pixels in homogeneous regions,
referred to as homogeneous pixels, and those in non-homogeneous regions, referred to as non-
homogeneous pixels, is required. The result of the classification process is used to create binary
masks, in each of which the two logic levels ‘0’ and ‘1’ represent the pixel positions in the non-
homogeneous and relatively homogeneous regions, respectively. Each of these binary masks is
used to shield non-homogeneous pixels of the pre-filtered or filtered image from the low-pass

operation in one of the stages while the gray level variations of the other pixels are smoothed.

3.4.A Distribution of homogeneous and non-homogeneous pixels in the

histogram

A histogram indicates the gray level distribution in an image and can be used to classify the
pixels [3]. In this design, the classification is to distinguish pixels of the homogeneous regions
from the entire population. It is known that the pixels in homogeneous region can form high
peaks in the histogram. Hence the design of the classification procedure starts with an

observation of these pixels.

The histograms of the three images available in this stage, namely / the original image, /¢
produced by CLAHE and /i resulting from the pre-filtering, are presented in Figure 3.10. Among
them only that of the original one shown in Figure 3.10(a) illustrates clearly two peaks
corresponding to two groups of the pixels in the homogeneous regions at the upper and lower
sections of the gray level range. Most pixels in the high bins belong to homogeneous regions. In
the original image, the gray level of a pixel gives, more or less likely, an indication, in which

categories of regions it is located. The relevance between a pixel location and the gray level may
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be lost after a filtering or enhancement. Hence, the analysis is based on the histogram of the

original image.
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Figure 3.10 (a) Histogram of the original image.
(b) Histogram of the contrast enhanced image.
(c) Histogram of the pre-filtered image.
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Let us have a close observation of the above-mentioned relevance shown in the histogram of
a low contrast image illustrated in Figure 3.11. It is similar to the lower section of that shown in
Figure 3.10(a). The peak indicates the existence of homogeneous regions. There is a very high
concentration of homogeneous pixels in the bins around the gray level G,eq. The more distant
from Gpear, the less the concentration is. In other words, the concentration of the pixels from non-

homogeneous regions increases with the distance from it.

Number of Pixels, n,(G)

v

0 Gl Gpeak G2 G-1

Gray Levels, G

Figure 3.11 Histogram of a low contrast image. Most of the pixels in the shaded area are likely
from homogeneous regions and the majority pixels in the other parts, i.e., those not
shaded, are from non-homogeneous regions.

In Figure 3.11, the pixels in the shaded area can be classified as homogeneous pixels and

those in the remaining areas as non-homogeneous pixels with a certain rate of misclassification.
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If num denotes the total number of the pixels classified as homogeneous ones and 7, the

number of pixels from non-homogeneous regions but included in 7y, the misclassification rate

will then be nmﬁ The optimal classification is to maximize 7y, while minimizing 7. The
total

values of 7 and n,;s are related to how close the boundaries G; and G are to Gpeqr. One can
choose G; and G, to define the shaded area precisely. In this case, n,;s can be reduced by
reducing |G>-G/|, as the concentration of the pixels from homogeneous regions is relatively
higher in the bins closer to G,e.x. However, narrowing the shaded area, i.e. smaller |G,-G;|, also
reduces 7,,,,, making more homogeneous pixels classified as non-homogeneous ones. Thus, the
shaded area defined by a small value of |G»-G/| interprets as a low risk of misclassification of
pixels from non-homogeneous regions, but a high risk of that of pixels from homogeneous
regions. On the contrary, if the value gets larger, the effect will be in the opposite direction. It is
thus difficult to achieve a good classification by a simple thresholding in the histogram with a set

of G; and G, values.

The above described phenomenon can also be observed in a gray level presentation in image
space. Figure 3.12 illustrates 1-D gray level variations of a sample from the low contrast image,
assuming that the variations in the left segment are of noise and those in the right segment of
signal. It is visible that in this sample, the number of pixels, of which the gray level is equal to
Gear OT close to it, is relatively large, which is coherent to the peak appearing in the histogram
shown in Figure 3.11. This 1-D presentation visualizes the choice of G; and G, the gray level
boundaries, with respect to the degree of the risk of misclassification. In Figure 3.12(a), the two
values are set in such a way that the range (G,y, G.py) covers the maximum number of the pixels
in the homogeneous regions. But, this range also includes a good number of pixels located in the

non-homogeneous regions. So, this set of G; and G, would result in a high #n,,,. Contrarily, if
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|G>- G| i1s made much smaller, as |Gy, -Gyz| shown in Figure 3.12(b), a smaller number of
pixels will be covered in both regions. In this case, on one hand, a much smaller number of
pixels in the non-homogeneous regions will be included, thus reducing the risk of misclassifying
the pixels in this region. On the other hand, some of the pixels from the homogeneous regions

will be missed, i.e. excluded from the shaded area in the histogram.
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Figure 3.12 One-D presentations of a segment of a low contrast image. The variations in the left
side are more likely to be of noise while that in the right side of signal. The gray
level Gpear corresponds to the histogram peak as that shown in Figure 3.11.
(a) Large (G,-G).
(b) Small (Gz-Gl)
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There can be two types of consequences following the misclassifications. If the
misclassification is such that homogeneous pixels are misclassified as non-homogeneous pixels,
they will be masked during the low-pass operation and thereby, the gray level variations, likely
produced by noise, in these pixel positions will not be removed. On the other hand, if non-
homogeneous pixels are misclassified as homogeneous ones, the gray level variation that is
likely of image signals will be erased by the low-pass filtering, resulting in a loss of information.
As it is difficult to recover the information once it is lost, it is reasonable to avoid a

misclassification of pixels that belong to the non-homogeneous regions.

From the observation described above, one can see that the classification, by means of
grouping the pixels on the basis of G; and G in the histogram, is far from satisfactory. Thus, the
classification needs more precision than what this kind of method can lead to. The proposed
classification of the pixels of the original image comprises two steps, as shown in Figure 3.13.
The first step is to group the pixels in a coarse manner, by means of the histogram thresholding
as illustrated in Figure 3.11 to produce the binary image /s, . The emphasis in the design of this
step will be the minimization of the misclassification of pixels that belong to the non-
homogeneous regions to reduce the risk of erasing signal variations. By this minimization, some
pixels in homogeneous regions may be classified as non-homogeneous pixels. Thus, the next
step, i.e. the region correction, should be designed to identify these misclassified pixels in the
homogeneous regions and once identified, their status should be changed to that of the

homogeneous region group. In the following sections, the design of each step will be presented.
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Figure 3.13 Classification process with multiple steps

3.4.B Gray level thresholding

The first step is to group the pixels by thresholding with two gray levels, namely G, and G,
as shown in Figure 3.11. By means of this step, the signals of the pixels are binarized. If the gray
level of a pixel is between G; and G, it will be classified as a homogeneous pixel, having its
status presented by logic ‘1°, otherwise a non-homogeneous pixel with logic ‘0’. The
thresholding operation results in the binary mask 5, and can be simply expressed as follows,

"1 if G <1(i,j) <G,
0’ otherwise

(i) = |

The threshold values of G; and G, should be chosen with two limits set up on the basis of the
observation of the image. The first limit is related to the minimization of the misclassification of
the pixels located in non-homogeneous regions in order to preserve the signal variation in these
regions. To this end, the gray level range defined by G; and G, should be as close to Gpear as

possible, which can be visualized by the 1-D presentations shown in Figure 3.12. However, if the

range is too small, a large number of pixels in homogeneous regions will be misclassified, and
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there must be another limit for it. Figure 3.14 illustrates the test image, and two binary images
obtained with two sets of (G, G,), respectively. In the binary images, the black segments are
composed of ‘0’ pixels, i.e. the pixels classified as non-homogeneous ones, of which some are
truly homogeneous pixels but misclassified. In Figure 3.14(b), the patterns of the black segments
composed of misclassified pixels in the homogeneous background look identifiably different
from those of truly non-homogeneous regions. Figure 3.14(c) is obtained with much smaller
value of |G;-G»|, and consequently a much larger number of pixels in homogeneous regions are
misclassified, which makes an identification of the patterns formed by the misclassified pixels

hardly possible.

(@) (b) (©)

Figure 3.14 (a) Darker half of the test image with G = 76.
(b) Binary image produced by thresholding with G; =67 and G, = 79.
(c) Binary image produced with G; = 73 and G, =78.
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This thresholding operation is not to create a final mask, but a binary image prepared for the
fine-tune classification. The images to be processed may have different critical issues depending
on their applications. In some cases, signal details in a particular range of gray levels or of signal
variation frequency, have more priority to be enhanced than those in other ranges, and these

issues should be taken into considerations in choosing G;, G, values to optimize the results.

3.4.C Region correction

The second step, namely region correction, is to correct the status of homogeneous pixels
that are wrongly classified as non-homogeneous pixels. As the threshold values G, and G in the
first step are chosen to minimize the misclassification of the pixels in non-homogeneous regions,
a significant number of homogeneous pixels may be misclassified as non-homogeneous ones and
the correction thus aims at these pixels. If they are not corrected, the logic ‘0’ value in these pixel
positions will mask the noise and artifacts from the low-pass filtering. It should be underlined
that the region correction is made to generate, from the binary image produced by the

thresholding, masks to be used in different stages of the progressive low-pass filtering.

To correct the status of the homogeneous pixels which are wrongly classified as non-
homogeneous ones, one needs to differentiate the patterns formed by likely true non-
homogeneous pixels and those of misclassified ones. It is known that a true non-homogeneous
region is unlikely to be one-pixel-wide. In the binary image I}, if a region of non-homogeneous
pixels is very thin, e.g. only one-pixel-wide, it is likely to be formed by misclassified pixels.

Thus, the status of all these pixels should be corrected from ‘0’ to “1°.
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The one-pixel-wide regions in the binary image I}, can have different variations, in terms of
orientation and connectivity of the segments. Figure 3.15 illustrates some of the simplest patterns
segmented from one-pixel-wide regions and appearing in a 3x3 window. This kind of simple
patterns is referred to as group-1. They are considered very likely formed by misclassified pixels
located isolatedly in homogeneous regions and the correction of the pixels’ status will be carried

out to make a good low-pass filtering effective in the regions.

0 0
ojo]oO 0 0o
0 0
(a) (b) (©) (d)

Figure 3.15 Some of one-pixel-width patterns of group-1. The logic ‘0’ indicates that the pixel
classified as a non-homogeneous pixel. The blank spaces represent logic ‘1’s. The
other patterns in this group can be obtained by rotating, mirroring or shifting each
of these four.

The patterns, referred to as group-2, are shown in Figure 3.16. They can also be seen as one-
pixel-width, but have more variations than those in group-1. These patterns may be formed by
misclassified pixels, but with a little less certainty compared to those in group-1. They are likely
to be located close to non-homogeneous regions. In this case, it is appropriate to have a weak

low-pass filtering to remove some noise with certain precaution.
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(a) (b) (©) (d)

Figure 3.16 Patterns of one-pixel-width segment of group-2. The form of the segment in each of
the windows is less straight forward than those of group-1 shown in Figure 3.15.
The other patterns in this group can be obtained by rotating, mirroring or shifting
each of these four.

There are some other particular patterns, shown in Figure 3.17(a) and (b) featuring one-
pixel-width. They are referred to as group-3. In general, this kind of patterns can be segmented
from a region in which a logic ‘0’ is found in every other pixel position as shown in Figure
3.17(c) or from the crossing of two one-pixel-width regions. In either case, the logic ‘0’ pixels

are likely to be misclassified ones and need to be corrected.

0o/1/o0]1]0|1]0
1{of[1]o0]1]|0]1
o|l1]of1]of1]o0
1{ol1]o0]1]|0]1
0 0 0j1|o0]1|0|1]0
0 0 0 1/0][1|0|1]|0]1
0 0 0j1]o]1|of1]o0
(@) (b) (©)

Figure 3.17 Special patterns referred to as group-3.
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Summarizing the above-presented analysis on the patterns, one can conclude that the ‘0’
status in the pixel positions in the patterns of all the three groups needs to be corrected to enable
the operations of the low-pass filtering in these positions. The patterns of group-1 and group-3
are likely located in obvious-homogeneous regions where a high degree of low-pass filtering will
be applied, whereas those of group-2 in less homogeneous regions in which a weak low-pass

operation is needed without aggressive gray level variation removal.

As mentioned in § 3.1, different degrees of gray level smoothing is implemented by means
of the progressive low-pass filtering in the successive stages. The mask to be used in the first
stage, after the pre-filtering, should have the largest number of pixels, whose positions are of
logic ‘1°, i.e. not masked for the first low-pass filtering. They consist of those generated by the
thresholding and those belonging to all the three groups. In the further stage of the low-pass
filtering, only the pixels in the obvious-homogeneous regions should be exposed, i.e., excluding

those in less homogeneous regions.

In the classification of the pixel positions, one needs to develop algorithms to identify the
patterns in the three groups. In each of the algorithms, the first thing to do is checking the status
of the input pixel. If it is logic ‘0’, the status of the neighboring pixels in its 3x3 window will be
examined to decide whether its logic ‘0’ status should be corrected or not. This procedure is
executed N? times for an image of NxN pixels to generate a new mask with more pixels of ‘1’
status than that of the input Iy, . The algorithms identifying the patterns of these three groups are

described as follows.
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3.4.C.1 Algorithms for the identification of the patterns

It can be observed that, in each of the patterns illustrated in Figure 3.15, the number of ‘0’
pixels is equal to two. Thus, such one-pixel-width patterns or a section of it can be identified by
simply counting the number of ‘0’ pixels in the windows and comparing the result with two. If it
is equal to or smaller than two, the correction of the status from ‘0’ to ‘1’ will be done. The
algorithm of the identification of group-1 patterns and their correction is presented in Figure
3.18. In order to create the binary mask including the corrected pixels of group-1, the algorithm

shown in Figure 3.18(a) will be performed repeatedly from the first pixel to the (NxN)™ pixel.
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Figure 3.18 (a) Flow chart of the identification of the group-1 patterns and the subsequent
decision concerning the correction of the status.
(b) A 3x3 window with the center pixel as I, (i,j) and S as one of the eight nearest
neighbors with k=1, ..., 8.

The patterns of group-3 shown in Figure 3.17(a) and (b) can be identified by a simple

algorithm. Either of the two patterns of group-3 satisfies the conditions that the four corner pixels
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have the same status, and the four remaining ones in the window is complementary to the corner

ones. These conditions can be expressed as follows:
(i)S;=8;=8.=S5,,and
(ii) S, =S, =S¢ = Sg,and
(iii) Sype1 = Sym , m=1,2,3,4.

where S;~ Ssrepresent the eight nearest neighbors of the pixel in question I, (i,j) as shown in
Figure 3.19(b). The algorithm of the identification of the patterns of group-3 and the correction is

shown in Figure 3.19(a).
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Figure 3.19 (a) Flow chart of the identification of the group-3 patterns and the subsequent

decision concerning the correction of the status.
(b) A 3x3 window with the center pixel as I, (i,j) and Si as one of the eight nearest

neighbors with k=1, ..., 8.
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The patterns of group-2 shown in Figure 3.16, satisfy the condition that the number of
surrounding pixels having the ‘0’ status is equal to three. However, some patterns that do not
belong to group-2 also satisfy this condition. Figure 3.20 illustrates these patterns, referred to as
group-4. If the identification of the group-2 patterns is done by counting of the number and a
comparison with the constant of 3, the patterns of group-4 should be detected and excluded. The

algorithm of the identification of group-2 pattern and correction is shown in Figure 3.21.

It should be noted that if the comparison condition in this algorithm shown in Figure 3.21(a)
is ¥8_, Sk <3, instead of ¥8_, S, = 3, the subsequent correction will also be effective to the
pixels of the group-1 patterns. It should also be noted that in some cases it is not necessary to
exclude the patterns of group-4 in the generation of a mask to be used in a medium-level

smoothing operation and the algorithm shown in Figure 3.21 can be simplified.

0]0 0]0

0]0 0]0 0]0 0]0
0]0 0]0

(a) (b) (c) (d)

Figure 3.20 Patterns in which the number of the surrounding pixels having ‘0’ status is equal to
three, but do not belong to group-2.
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Figure 3.21 (a) Flow chart of the identification of the group-2 patterns and the subsequent
decision concerning the correction of the status.
(b) A 3x3 window with the center pixel as Iy (i,j) and Sj as one of the eight nearest
neighbors with k=1,...,8.
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In the algorithm shown in Figure 3.21(a), the identification of the group-4 patterns shown in
Figure 3.20 is based on the examination of each of the four corner pixels and its adjacent
neighbors. If all of the three pixels, i.e. the corner one and the two neighbors have the ‘0’ status,
the center pixel /5,(i,j) will be identified as one in the group-4 patterns and thereby, its status will

remain as ‘0’. The condition to detect the group-4 patterns, in this algorithm can be modeled as:

(l) SZm = SZm+1 = SZm+2 =’ 0,, wherem = 1or2or 3, or

(ll) 58 = Sl = Sz = 10,.

The algorithms presented in Figures 3.18, 3.19 and 3.21 will be used to generate the binary
masks for the different stages of the progressive low-pass filtering. The approaches to generating
the masks can be different, depending on the way the procedure is implemented. One of the

approaches is presented in the following section.

3.4.C.2 Generation of the masks enabling different degrees of low-pass

filtering

The binary masks needed in the progressive low-pass filtering process are used to provide
multi-level protection by shielding different groups of pixels from different degree of gray level
variation removal. In the first stage, after the pre-filtering, of the proposed low-pass filtering, the
gray level variation removal is applied to all the pixels in homogeneous regions. In other words,
the binary mask used in this stage should make all the homogeneous pixels identified by the

thresholding or by the region correction open to the low-pass operation. The mask can be
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generated by the procedure illustrated in Figure 3.22. It involves the correction of the pixels
belonging to group-1, 2, 3 and 4 patterns. In some cases, the exclusion of patterns of group-4
may be needed, the logic operations identifying these patterns will be incorporated in the

procedure.

Ipy (@, J)

Tpw (1,J) = 0

Group-3
pattern
identified?

4
IbW (l']) =1
l (No correction)

Ipw (0, = Ipw (L))

Ipw (@) = Iy, (1))

Figure 3.22 Flow chart of the generation of the binary mask for the first stage of the proposed
low-pass filtering.
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The further gray level variation removal in the second stage of the low-pass filtering is
applied only to the obvious-homogeneous regions. The mask used in this stage will protect the
non-homogeneous regions and less-homogeneous regions, i.e., those adjacent to non-
homogeneous regions. Thus, the pixels of logic ‘1’ in this mask are those identified by the
thresholding or by the correction of groupl. The mask can be created by the procedure illustrated

in Figure 3.23 which is same as the procedure shown in Figure 3.18.

Ipw ()

Il,)w @,j)=10 No >
Yes
° N
Zg <2 0 —>
Yes
Iy (i,j) = 1
l v
_ Lyw (6, )) = Ipy (i, ))

Ipw (6, )) = Iy (1))
(No correction)

Figure 3.23 Flow chart of the generation of the binary mask for the second stage of
the proposed low-pass filtering.
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Incorporating the procedures shown in Figure 3.22 and 3.23, the generation of the masks for
the low-pass filtering can be presented in Figure 3.24. It should be noted that the progressive
low-pass filtering may have the number of stages more than two if more precision is needed in
the process, and thus may need more masks. The protection provided by the masks may need to
vary according to the applications. Hence, the designs of the masks should have different critical

issues to detect different patterns.

Discriminative filtering

> Figure 3.23

g ———» LP, — LP, >
i _____ A T U I !
Ibwl Ibw2
| Gray level Procedure shownin | | |
I ) thresholding I i Figure 3.22 :
' bw !
! Procedure shown in :

_______________________________________________________

Pixel classification

Figure 3.24 Generation of the binary masks for the application in the low-pass filtering. Here /,,; and
Ip,» denote the two binary masks produced by the procedures shown in Figure 3.22 and
3.23, respectively.
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Figure 3.25 illustrates the test image and its binary masks. Figure 3.25(b) shows that the gray
level thresholding results in a mask consisting of a large number of misclassified ‘0’ pixels in
homogeneous regions. By applying the procedure of the region correction depicted in Figures
3.22 and 3.23, two binary masks are generated as shown in Figure 3.25(c) and (d). Comparing
the two masks, one can see the mask shown in (c) makes more pixels exposed than that shown
in (d). Thus, the former is used for a more modest low-pass operation in an earlier stage than the
latter. The low-pass operations in these stages will target the noise and artifacts in different
categories of homogeneous regions. In the next section, the design of the stages of the low-pass

filtering will be presented.
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Figure 3.25 (a) Test image.
(b) Binary image /5, " produced by the thresholding.

(c) Binary mask /;,,; produced by the procedure shown in Figure 3.22.
(d) Binary mask /j,,, produced by the procedure shown in Figure 3.23.
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3.5 Low-pass filtering

The objective of this study is to get a good quality of image contrast enhancement by
efficiently removing the noise and artifacts generated in the HE process while preserving the
signal variations. The removal is done by means of a discriminative and progressive low-pass

filtering.

To deal with different situations of noise and signal variations in the pre-filtered image, the
low-pass operation will comprise multiple stages, in each of which a mask is applied to shield
some areas in order to make the low-pass operation discriminative. In the first stage after the pre-
filtering, the low-pass operation is to remove the gray level variations in homogeneous regions
with a precaution as the pixels located closely to non-homogeneous regions are exposed for the
filtering. In the following stage, the filtering operation should be made to erase the gray level
variation more effectively in obvious-homogeneous regions. One can use the same type of filters
in the first and second stages, in order to simplify the implementation. However, as the critical
issues in the two stages can be very different in some applications, it would be reasonable also to

employ different filters.

As mentioned previously, the pre-filtering operation is designed to remove the noise that has
much higher frequency components than those of the signal. The remaining undesirable gray
level variations created by an HE usually have medium and relatively low frequency
components. The low-pass operation in each stage needs to be moderate, having some nature of
pixel value preservation, while the strength of gray level smoothing is increasing by the

successive stages.
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A low-pass operation by a normal median filter is usually less affected by abnormally-
looking pixel values likely resulting from noise contamination. Also, to give more chance of
preserving original gray level variation, one can use a particular median filter, called
bidirectional multistage median (BMM) [17], in which the center pixel value is made to have
more priority in determining the result. The procedure of the filtering is shown in Figure 3.26.
The operational window size can be 3x3 or larger, depending on the patterns of noises and
artifacts. As this BMM filter has a property of a relatively good preservation of signal variation,
it is chosen to be used in the first stage for a moderate filtering. If this filtering operation is
performed more than once, the strength of smoothing will be progressed, which is needed for the

noise removal in the homogeneous regions.
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Figure 3.26 (a) Procedure of the bidirectional multi-stage median (BMM) filtering with three
kernels, W, Wp and Wy. The median value of the pixels, of which the positions
indicated by the solid dots, is taken as the result
(b) Center pixel kernel W.

(c) Diagonal kernel Wp.
(d) Orthogonal kernel Wy.
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Figure 3.27 shows the simulation results of the low-pass filtering processes. The input image
(a) is produced by the Gaussian pre-filtering. The images (c) and (d) are generated by applying
identical 5x5 BMM filters in the blocks of LP; and LP,. The gray level variations in the
homogeneous regions are reduced progressively with the stages of low-pass operations. The
images shown in Figure 3.27(e) and (f) are obtained by using 5x5 Gaussian filters of ¢ = 2,
instead of the BMM ones, in the stages of LP, and LP,. Comparing the images shown in Figure
3.27(c) and (d) with those in (e) and (f), one can easily find that the BMM filtering better
preserves image details in the regions of the third category, i.e., lessshomogeneous regions. One
example of such region is indicated by a dashed frame in Figure 3.27(a). The signal variations in
such regions are well-preserved in the filtered images (c) and (d), whereas those in the filtered

images shown in (e) and (f) are very much blurred.
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Figure 3.27 Results of the low-pass filtering processes using different filters.
(a) Pre-filtered image as the input /g
(b) Diagram of the discriminative low-pass filtering.
(c) Filtered image I;; by one stage of BMM filtering.
(d) Filtered image I;, by two stages of BMM filtering.
(e) Filtered image I;; by one stage of Gaussian filtering with o = 2.
(f) Filtered image I, by two stages of Gaussian filtering with o = 2.

From the output results shown in Figure 3.27, one can conclude that the bidirectional multi-
stage median filter can have a good preservation of signal variations, and a good smoothing
strength if multiple stages are used. Therefore, it can be used effectively with the masks to
remove the noise from the homogeneous regions without affecting the signal variations of non-

homogeneous regions.
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3.6 Summary

In this chapter, a method of contrast enhancement with noise and artifacts removal has been
proposed. The challenge of this work is to design a discriminative and progressive low-pass

filtering process to remove undesired gray level variations created by the HE process.

The noise and artifacts to be removed are found in the homogeneous regions, where there is
no significant gray level variation before the histogram equalization. The strength of smoothing
of the low-pass filtering should be strong in obvious-homogeneous regions and very weak in
non-homogeneous regions. Different levels of low-pass filtering are implemented by successive
stages of identical or non-identical filters. The gray level variation removal is increased stage by
stage. Each low-pass operation is applied to the pixels selected by a binary mask. The pixels in
obvious-homogeneous regions are exposed to all the low-pass operations and receive the
strongest smoothing, while those located in the regions near non-homogeneous ones get a very

moderate one.

The creation of the masks involves two steps of pixel classification. The first classification is
done by means of a simple gray level thresholding in the histogram of the original image to
classify coarsely the pixels of non-homogeneous regions and that of homogeneous regions. As
the thresholding is too simplistic to do a fine classification, the thresholds are chosen to minimize
the misclassification of the pixels truly belonging to non-homogeneous regions at the expense of
increasing the misclassification of the pixels truly belonging to homogeneous regions. The
second step, namely region correction, is to identify the misclassified pixels that should belong to
homogeneous regions. It is done by detecting varieties of patterns formed by the misclassified

pixels. Simple logic operations are used in the detection. Based on the result of the classification,
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multiple binary masks are generated to shield the pixels of the non-homogeneous regions from

different low-pass operations in multiple stages.

A low-o Gaussian filter is used for the pre-filtering that is applied to the entire enhanced
image to remove noise pitches. A moderate low-pass operation by a BMM filter is performed to
all the pixels, except those in the non-homogeneous regions, to remove gray level variation with
some precaution to avoid over-smoothing. A strong strength of smoothing is performed by

multiple stages of BMM filters.

The computation in the low-pass stages and that for the classification is relatively simple. A
short overall computation time should be expected. The proposed method has been applied to the
test image and the results are promising. In the following chapter, the evaluation of its

effectiveness will be described and the results will be presented.
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Chapter 4

Performance evaluations and the simulation results

The objective of the work is to enhance the image contrast while minimizing the noise and
artifacts. It is done by using the CLAHE method for the gray level variation enhancement and a
novel discriminative low-pass filtering process. In this chapter, the proposed method is applied to
several low-contrast images and the results are examined in a subjective and objective manner.
Based on the results, the performance of the contrast enhancement combined with the filtering is
evaluated. The results are compared with those produced by the iterated TMR filter reported in

[23].

In the first part of this chapter, a subjective examination of the MATLAB simulation results
is presented. Four images with different patterns are chosen and used in the simulation. The

objective measurements are presented in the second part of the chapter.

4.1 Examination of the visual quality

In order to test the effectiveness of the discriminative noise removal in the proposed method,
the images used in the simulation are from different categories, such as one from a medical
imaging, a landscape, a microscopic sample and a poster. Figure 4.1 to 4.5 show the simulation

results with those images. In each of those figures, the original input image, the image enhanced
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by CLAHE and that obtained by the proposed method and that by the iterated TMR filtering
method are presented. Three low-pass stages are used in the simulation of the proposed method.
A Gaussian filter is used in the pre-filter stage and the 5x5 BMM filter in each of two other

stages.

The simulation result with the image ‘Chest X-ray’ is shown in Figure 4.1. The original
input has a very poor contrast and many small details are hardly seen. By means of the CLAHE
enhancement with a clip limit of 0.04 and a tile size of 8x8, the contrast is significantly improved
as shown in Figure 4.1(b). However, one can observe a significant increase of the noise by this
enhancement in the image. By applying the proposed discriminative low-pass filtering, one can
remove the noise and improve the image quality, which is shown in Figure 4.1(c). In the filtering
process, the pre-filtering is done by a 5x5 Gaussian filter with ¢ = 0.5 followed by two stages of
BMM filter. To generate the binary masks those are used in each of the BMM filtering stages,
two sets of gray level values, (17, 22) and (136, 168) are used for thresholding and the

algorithms shown in Figure 3.22 and 3.23 are used for region correction.

The iterated TMR filtering has also been applied to the CLAHE enhanced image shown in
Figure 4.1(b) and the result is illustrated in Figure 4.1(d). The parameters used to get the results
are found in Appendix I. Comparing the filtered image in Figure 4.1(c) and that in (d), one can
see some significant differences demonstrating a much better noise removal in terms of
preservation of image details performed by the proposed filtering process. In the image in Figure
4.1(c) processed by the proposed filtering, the details in the central spine are well preserved, so
are those of blood vessels in the two sides of the spine, as well as the parts near the two armpits.

These details in the image shown in Figure 4.1(d) are much more blurred.
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Figure 4.1 (a) Original image of ‘Chest X-ray’.
(b) After the contrast enhancement by CLAHE.
(c) After the proposed low-pass filtering method.
(d) After the iterated TMR filtering.
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The second image ‘Window and Desk’ used in the simulation, as shown in Figure 4.2(a), is a
combination of interior scene and landscape. The contrast is very poor, but the image has very
rich gray level variations in terms of patterns and frequencies. The result of the CLAHE
enhancement is shown in Figure 4.2(b) and that after the proposed filtering in Figure 4.2(c). For
the CLAHE enhancement, a clip limit of 0.03 and a tile size of 8x8 have been used. In the
proposed filtering method, a 3x3 Gaussian filter with ¢ = 0.5 is used for the pre-filtering. To
binarize the image, the threshold values of G; = 19 and G, = 34 are used and the algorithms
shown in Figure 3.22 and 3.23 are employed to generate the two masks for the BMM filtering.
Comparing the two images shown in Figure 4.2(b) and (c), one can see a better visual quality in
the filtered one as the low-pass operations remove the noise created by the CLAHE process. To
have a close observation of the image details, the lower half of each of the images in Figure
4.2(b), (c) and (d) are presented in Figure 4.3(a), (b) and (c), respectively. In the lower half of the
CLAHE enhanced image shown in Figure 4.3(a), there is noise visible above the pens located in
the left hand side and the bowl in the right side of the picture frame. Please note that these
regions have a lot of gray level variations of image details. By using the proposed low-pass
filtering, this noise is removed, as illustrated in Figure 4.3(b) while the image details in the
regions are preserved. Comparing this filtered image with that processed by the TMR filtering
shown in Figure 4.3(c), one can easily see the superior performance of the proposed one for the
signal preservation. In Figure 4.3(b), the textures in the wall paper and those in the framed

picture in the center are all clearly visible. They can hardly be seen in Figure 4.3(c).
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Figure 4.2 (a) Original image ‘Window and Desk’ of a low-contrast landscape containing
both under- exposed and over-exposed areas.
(b) After the contrast enhancement by CLAHE.
(c) After the proposed low-pass filtering method.
(d) After the iterated TMR filtering.

74



(©)

Figure 4.3 (a) Lower half of the "Window and Desk' image after the CLAHE enhancement.
(b) After the proposed filtering method.
(c) After the iterated TMR filtering.
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The third image ‘Pollen Grain’ used in the simulation shown in Figure 4.4(a) is taken from a
microscopic sample of pollen grains which has a very low-contrast. It consists of many small
objects with a lot of signal variations in each of it. By using the CLAHE method with a clip limit
of 0.02 and a tile size of 8x8, its contrast is enhanced which is shown in Figure 4.4(b). The
enhanced image has visible noises around the edges of each object. In the simulation of the
proposed method, the pre-filtering is of a 3x3 Gaussian with ¢ = 0.1, thresholding of (G;, G,) =
(81, 87) and (102, 105). The result is shown in Figure 4.4(c). After the proposed filtering, the
noise around the objects is removed. Comparing this filtered image with that processed by the
TMR filtering shown in Figure 4.4(d), it can be said that the image details are visibly preserved.
In the framed region, for example, the gray level variations are well kept by the proposed

filtering. They are flattened by the TMR filtering.
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Figure 4.4 (a) Original image ‘Pollen Grain’ of a low-contrast microscopic image of pollen grains.
(b) After the contrast enhancement by CLAHE.
(c) After the proposed low-pass filtering method.
(d) After the iterated TMR filtering.
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Figure 4.5(a) is a low-contrast poster image. It has been used in [23]. Its contrast is enhanced
by the CLAHE method with the clip limit of 0.04 and the tile size of 8x8 as shown in Figure
4.5(b). In the simulation of the proposed filtering, Gaussian filter of 5x5 and ¢ = 0.7 is used for
the pre-filtering followed by three stages of BMM filtering. The masks used in the first two
stages are identical to those in the simulation with the other images. The last stage is to repeat
that in the second stage for more smoothing in the homogeneous regions. In the image processed
by the proposed filtering shown in Figure 4.5(c), the noise is significantly reduced while the
contrast improved by the CLAHE maintained. However, the image produced by the TMR
filtering, shown in Figure 4.5(d), is also based on the CLAHE-enhanced image, but the contrast

is reduced again by the filtering.
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Figure 4.5 (a) Original image of a low-contrast poster.
(b) After the contrast enhancement by CLAHE.
(c) After the proposed low-pass filtering method.
(d) After the iterated TMR filtering.
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From the above observation on the processed images and the comparison of the results with
some relevant work, one can conclude that the proposed method yields a significant
improvement in the HE-based contrast enhancement in terms of low noise and better signal
preservation. In the next section, some objective measurements are presented to confirm the

improvement.

4.2 Evaluation of signal-noise ratio and edge preservation

The quality of the contrast enhancement process can be measured by the amount of
computation. It can be interpreted by the time required for the computation if the computing
facility is given. The quality of the enhanced image is often evaluated by peak signal to noise
ratio (PSNR). As the preservation of the signal variations in the filtering is a critical issue, Pratt’s
Figure of Merit (PFOM) is also used in the quality assessment of the edge maps generated from

the images processed.

The computation of the proposed contrast enhancement with the filtering is implemented in
MATLAB and the required computation time is calculated based on the elapsed time. This
measurement of time is to indicate the volume of computation instead of processing speed. All
the simulations are performed in the environment of intel Core 51 microprocessor @ 2.4GHz.
For each input image, the elapsed time is measured and the average value of ten runs is taken as
the computation time. The result is presented in Table 4.1. It also includes the computation time
for the enhancement involving the TMR filtering for comparison. The data shown in this Table
demonstrate that the proposed method results in shorter computation time, i.e., smaller volume of
computation for the enhancement. In some cases the difference is very significant. For the
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images of the same dimension, the computation time of the proposed method may vary, because
the number of the pixels involved in different stages of the low-pass filtering varies. However,
compared to that of the TMR filtering method, this variation of time is much less significant. It
implies that the volume of computation of the proposed method is much less and more

predictable, even with some variations than that of the iterated TMR filtering.

Table 4.1 Average elapsed time in second

Input image Image dimension Iteralt)z(:elc“ll\r/[nlz ﬂf;lcl)t:;ring Proposed method
Chest X-ray 549x623 16.41 13.9
Window and Desk 800x854 48.9 10.84
Pollen Grain 512x672 25.2 9.56
Poster 476x311 8.78 8.15

The PSNR is most commonly used as a measure of the quality of an image. It is defined as

PSNR = 20.logy, (vl%)

where /,,,, 1s the maximum possible pixel value of the image and MSE is the mean squared error

of the enhanced image of m x n pixels, expressed as

m-1

1

mn
i=0

3

-1

MSE = [1(i,)) — L6, D]?

0

-
1l

with 7/ and 7, being reference and enhanced images, respectively.

In this work, the visualized HDR images of the two images, namely ‘Window and Desk’ and

‘Pollen Grain’, are used as the reference ones. The PSNR values of the two images, enhanced by
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the proposed method and the iterated TMR filtering method, are measured by CVIPtools

provided in [7]. The results are presented in Table 4.2.

The performance of signal preservation can be objectively measured by Pratt’s Figure of
Merit (PFOM). It is calculated based on the comparison of the edge map /; generated from the

reference image and that of the image to be evaluated. Mathematically,

Ip

1 1
PFOM = — Z—Z
IN . 1+C¥di

=1

where:

Iy: the maximum of I; and I.

I;: the number of edge points in the edge map generated from the reference image .
Ir: the number of edge points found in the edge map to be evaluated.

a: a scaling constant used to adjust the penalty for offset edges, usually set to 1/9.

d;: the distance of a found edge point to that in the reference edge map.

If the edge map to be evaluated is identical to the reference, the PFOM will be equal to 1,
otherwise between 0 and 1. The PFOM values of the two images used earlier for measuring
PSNR are obtained by using CVIPtools and also presented in Table 4.2. The edge map of each of
the processed images and that of the corresponding visualized HDR image are generated by
using Canny edge detector. The measurement confirms that the proposed method has a
noticeably better capability of edge preservation while that of the noise removal is as good as

that in [23]. This is achieved with much less computation requirement.
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Table 4.2 PSNR and PFOM values of the two processed images

PSNR(dB) PFOM
Input image Iterated TMR filtering Proposed Iterated TMR filtering Proposed
based method method based method method
Window and 15.697 15.758 0.9258 0.9536
Desk
‘Pollen Grain’ 12.641 12.5 0.9160 0.9507

4.3 Summary

In this chapter, the proposed method of low-noise contrast enhancement is evaluated by
subjective observation and objective measurements. Simulation results are compared with a state

of the art method.

The simulation results show that the proposed method is able to yield sufficient enhancement
of contrast with effective removal of noise and artifacts. It also facilitates a very good
preservation of signal variations. The better performances of the proposed method are also

confirmed by the objective measurements.
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Chapter 5

Conclusion

Contrast enhancement is one of the most commonly used operations in image pre-processing
as an image acquisition or transmission may degrade signal gradients of images, and a sufficient
gray level variation representing the image signal is essential for almost all the image processing
procedures. Many methods have been proposed to enhance the image contrast. Most of them are
based on histogram equalization. A simple procedure of HE makes the gray level variations
enhanced indiscriminately, no matter that they are of signal or noise. It is thus a challenging task

to enhance the signal gray level contrast and to remove the noise.

The work present in this thesis is about the development of an effective method of low-noise
contrast enhancement. It uses CLAHE procedure to enhance the gray level variations and a low-
pass filtering is proposed to remove the noise created by CLAHE. The emphasis in the
development of the filtering process is to make the low-pass operations applied discriminatively

in the image space in order to preserve the signal gray level variations of the image.

The proposed filtering process provides different levels of low-pass operations to suit
different smoothing requirement in different regions in the image. It is done by progressive low-
pass operations in successive filter stages. The first stage is made for a pre-filtering, and a weak
smoothing operation is applied to all the pixels. In each of the other stages, the pixels to be
processed are selected by a binary mask. Pixels in homogeneous regions, where a good strength

of smoothing is needed, are exposed to multiple low-pass operations in the successive stages,
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whereas those in less homogeneous regions will be open to one or two moderate smoothing and

masked from further operations.

To generate the binary masks used in the proposed filtering process, the pixels of the image
need to be classified. As the noise created by the HE process is more pronounced in
homogeneous regions, it is reasonable to divide the pixels into different categories of regions
according to the homogeneity of the pixel gray levels in the input image. There can be three
categories of regions, such as obvious-homogeneous regions, obvious non-homogeneous regions
and less homogeneous regions in the image. Hence, the pixels are classified into three groups
corresponding to these three categories. The procedure of the classification consists of two steps.
In the first step, by means of a simple gray level thresholding, the pixels are coarsely divided into
two groups, homogeneous and non-homogeneous, represented by logic ‘1’ and ‘0’, respectively.
The effort is made to minimize the risk of placing pixels located in non-homogeneous regions
into the homogeneous pixel group. The second step, called the region correction, is to identify
the misclassified pixels and correct their status. The identification is done by detecting patterns

formed by misclassified pixels, which is implemented by simple logic operations.

Very simple low-pass filters are used in the filtering stages. A Gaussian filter with a low o
value can be used for the pre-filtering to remove high frequency pitches, and median-based

filters in the successive stages.

The computational complexity of the contrast enhancement process, including CLAHE and
the proposed discriminative filtering, is kept low. MATLAB simulation has been performed to
evaluate the overall effectiveness of the process, its noise removal and signal preservation

capabilities. The results demonstrate that the images processed by the proposed method have
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superior quality in terms of subjective observation and objective measurements, compared to

those reported in the literature.

There are several possibilities of future works related to this thesis that could increase the
design flexibility and strengthen the performance of the proposed method. One such possibility is
to perform extensive analysis and experimentation to decide optimal threshold values involving
the classification procedure for different kinds of images. Another extension of this work could
be tuning the low-pass filtering operation for removing the noises and artifacts created in the

processes other than the HE.
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Appendix I

Values of the parameters used in the simulation of TMR filtering [23]

Intensity domain

Image No. of iterations | Radius of disk, W standard deviation, o
Chest X-ray 3 5 0.07
Window and Desk 3 10 0.04
Pollen Grain 3 10 0.05
Poster 3 10 10

91



