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ABSTRACT

Digital image segmentation is a thrilling but challenging open problem that has been well-
researched in the fields of computer vision, and image processing. It has many practical
applications like biometric identification, ship detection, building extraction, road marking
recognition, deoxyribonucleic acid matching, welding inspection, pedestrian re-identification,
object tracking, image editing, pest monitoring, and shopping items recommendation. In recent
years, image segmentation has come to rely heavily on superpixel methods to circumvent the
computational complexity inherent in pixel processing. The superpixel approach is generally
used to group similar pixels into a semantic cluster of fewer pixels to increase the processing
speed and simplify computational intricacy. However, the reliance on the existing superpixel
based segmentation methods on the Euclidean distance metric as a measure of similarity
between two pixels in an image presents an inherent challenge. The Euclidean distance has a
real-world advantage because of its assumption of non-uniformity that most image colour
distributions generally follow. This assumption states that real data will occupy a small
clustered subset of the entire space, but not necessarily distributed evenly in a higher-
dimensional space. However, since it cannot deal with illumination change in images, it is
limited in compactly measuring similarity in the context of an application that complies with
the human perception of similarity. The human eyes can recognise similar or irrelevant
image colours under the illumination change for which the Euclidean distance does not
perform well. This study aimed to investigate the performance of an attribute
concurrence influence distance metric on image compactness in a superpixel segmentation
algorithm. It is hypothesized that superpixel segmentation based on attribute co-
occurrence similarity measure is likely to achieve better results than Euclidean distance in
terms of the performance metrics of under segmentation error, achievable segmentation
accuracy, compactness, boundary recall, and contour density. Superpixel segmentation
experiments were performed using two widely used colour models which are hue,
saturation, value (HSV), and lightness, redness, yellowness (LAB) with the strong attribute
concurrence influence distance (SAID) and Euclidean distance in a superpixel segmentation
algorithm. The results presented for the LAB colour model showed that SAID
outperformed the Euclidean distance for images reflecting overlapping and complex objects
with regular compactness. However, the Euclidean distance performed better than the SAID
for images with multiple, centre, and low contrast objects with regular compactness across
the under segmentation error, achievable segmentation accuracy, boundary recall and
contour density performance evaluation metrics. Consequently, for irregular compactness,
SAID further outperformed the Euclidean distance for images with overlapping, complex,
multiple, Centred and low contrast objects for boundary recall. However, the Euclidean
distance performed better than SAID for under segmentation error, achievable segmentation
accuracy, and contour density. Furthermore, the compactness performance for SAID and
Euclidean distance gave the same compactness value for both regular and irregular
compactness. Consequently, based on the analysis of the results for the HSV colour model, it
was observed that performances of SAID and Euclidean with regular compactness were at par
across all the performance metrics used for images with overlapping, complex, multiple,
centre, and low contrast objects. However, the Euclidean distance outperformed SAID
with irregular compactness for images with overlapping, complex, multiple, centre, and low
contrast objects.
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CHAPTER ONE

INTRODUCTION

1.1 Introduction

As human awakens their eyes and other senses a wealth of information signals about the
environment is provided. Usually, human vision can or may want to process only a minute amount
of this information signals that reach our awareness and memory. Human vision's cognitive
system, on the other hand, can focus on important things in a busy visual scene with a variety of
backgrounds without any training. As a result, humans are proficient in quickly detecting a vast
variety of objects (Lou et al., 2016; Zhang et al., 2018a). Superpixels are a vital component of
image processing in automatically distinguishing prominent objects because they split a digital
image into clusters or groups of pixels. The purpose of superpixel is to simplify and change an

image's depiction to make it more relevant and understandable.

Image segmentation is crucial for a range of applications in image analysis, including object
recognition, video, and computer vision. To select the appropriate segmentation, critical
information such as colour, borders, or texture information is gathered from the object (Khattab et
al., 2016; Bukola., 2017). Image segmentation has grown in popularity for usage in computer
vision applications which is seen as a perceptual grouping within an image that gains more human
attention. The initial step of image processing is image segmentation and is crucial to obtaining
analytical results from objects within an image. It relates to the process of classifying each pixel
belonging to a particular label or dividing an image into several liberal clusters that are eloquent
and semantically related including multiple object categories eg: human, animal and objects
(Minaee et al.,2021; Zheng et al., 2018). Despite being a fundamental problem in computer
visionsince early days, image segmentation has improved considerably in recent years.

Image segmentation is one of the hotspots in image processing and computer vision, according to
the literature (Gu. 2017). Image segmentation is a technique for converting an image into
evocative qualities based on image areas. It is also a crucial foundation for image segmentation,
as it is based on certain metrics to segment an input image into several similar pixels to excerpt
the area of concentration as captured by the human eye, which serves as the basis for the analysis

of the segmented images and further helps with separating the image foreground from the



background (Zheng et al., 2018). Image segmentation can be divided into two types: non-
superpixel and superpixel. Non-superpixel segmentation employs a region comparison function to
make simple greedy decisions that result in segmentations that are neither too coarse nor too fine
(Felzenszwalb and Huttenlocher, 2004). Ren and Malik (2003) introduced the concept of
superpixels with the aim of grouping pixels with a similar colour together and other lower-level
properties. Superpixel segmentation made it possible to compute image attributes quickly and
easily, removing the challenge of image processing through segmenting images into smaller

regions of uniform colour or texture (Alexe et al., 2010; Neubert et al., 2013; Wang et al., 2017).

In the field of computer vision, superpixel segmentation has recently received much interest since
it gives a rapid and easy way to calculate images based on regions rather than pixels. Pixels were
grouped into perceptually homogeneous regions providing compressed representation of images
which helped trim down the number of different image primitives for consequent processing
(Yangetal., 2020; Zhang et al., 2017). Superpixel segmentation algorithms have been adopted for
many computer vision problems to improve their performance, detecting saliency and decreasing
redundancy (Liu et al., 2013), object detection (Yan et al., 2015), tracking (Yang et al., 2015),
semantic segmentation (Mi and Chen, 2020), classification (Xiang et al., 2013), object recognition
(Lu et al., 2013). According to the literature, many algorithms are used to ensure the success of

this pre-processing step using the following desired performance metrics:

1. Accuracy - Superpixel adherence to image borders is measured. Superpixel
segmentation should be precise to preserve as much information as possible for
further processing on superpixels. (Siva and Wong., 2014).

2. Regularity - The regularity of a superpixel influences how close it is to be square.
Superpixels are used to represent the information in pixels. The standard qualities
of pixels, including topology, structure, homogeneity, and isometric information,
can be preserved in regular superpixels (Wang et al., 2017).

3. Efficiency - In computer vision, the superpixel is employed as a pre-processing
technique to minimize computing complexity. It should be simple to operate and

calculate quickly and accurately (Wei et al., 2018).

Superpixel segmentation further provides a precise image illustration that improves performance
and increases efficiency for both memory usage and processing time as fewer frames are required
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in memory during processing hence guaranteeing the overall quality of segmented image objects
(Papazoglou et al., 2013; Lim et al., 2014; Giordano et al., 2015; Li et al., 2015). Superpixel has
risen in popularity in literature and has turned into an emerging research subject area with a diverse

set of applications:

Face detection and recognition (Ranjan et al., 2017; Jiang and Learned-Miller, 2017)
Fingerprint recognition system (Krishna and Aithal, 2017; Cao and Jain, 2017)

Video fire detection (Kanwal et al., 2017; Zhang et al., 2018b)

Geographic imaging (Kaiser et al., 2017; Chen et al., 2018)

Smart agriculture (Roopaei et al., 2017; Shapero et al., 2017)

Lung cancer classification (Adetiba and Olugbara, 2015a; Adetiba and Olugbara, 2015b;
Soufi et al., 2017; Lavanya and Kannan, 2017)

o gk~ w e

In computer vision, a perceptually uniform colour model is preferred for image processing, which
is represented in three distinctive autonomous attributes (lightness, chroma and hue) colour pixels
(Safdar et al., 2017). This colour model is frequently utilized in computer vision applications
because it serves as the basis for the RGB and CIELAB colour models, which are defined by their
linear or nonlinear conversions. Therefore, the RGB colour model needs to be first converted to
the CIE XYZ colour model before transformation to perceptual colour models for use. According
to the literature, CIELAB is regarded as a perceptual colour model that improves the performance
of expression recognition (Wang et al., 2015). Since it is constructed from the perceptual colour
model LMS, the non-linear connotations of LAB resemble the eye's logarithmic reaction (Long,
Medium, Short). Furthermore, LAB is a colour model centred on the cone response functions in

the eye’'s retina (Bianco et al., 2015).

However, enormous benefits exist from using superpixels for image processing. The current
problems of computer vision applications and processing require instant turnaround time with
incredible precision which can be satisfied using superpixels for segmentation. Superpixel based
representation speeds up the colourization method and increases spatial coherency compared to
using non-superpixels (Gupta et al., 2012). In the age of digital technology, digital images have
rapidly increased and become popular within digital content. As a result, research in superpixel
segmentation has received enormous attention in literature from cognitive neuroscience to

computer vision and image processing (Ahn et al., 2017). According to the literature, algorithms
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that does not take into account spatial compactness result in under segmentation error due to
complicated image background and foreground, especially in digital images with foreground close
to the edges (Van den Bergh et al., 2012; Chen et al, 2017). Furthermore, retrieving high-level
information from low contrast images with a high level of noise and inhomogeneity intensity in
digital images also becomes a daunting challenge. To resolve this gap, the variants of the selected
superpixel segmentation algorithm was used by amalgamating the SLIC (simple linear iterative
clustering) algorithm efficiently generates compact, nearly homogeneous superpixels by clustering
pixels in a combined five-dimensional colour and image plane space with the strong attribute
concurrence influence distances (SAID) while strikingly simple, it addresses the aforementioned

gap and produces high quality, compact superpixels.

1.2 Research Problem Statement

The superpixel segmentation algorithms documented in the literature compute pixels based on the
difference between the colour feature and the global mean of the feature. The research identified
the challenge of differentiating comparable colour elements in the background and foreground
parts of a digital input image in the existing superpixel segmentation algorithms. To address this
challenge, the perceptual colour difference method was used in the research. The perceptual
colour difference method was introduced to extend the single global mean computation to
computation of background and foreground meansto seamlessly incorporate the background and
object information that would help improve the pixel clusters. This latest approach is highly
desirable under the fundamental assumption of homogeneous background which most digital
images follow. However, when the input image possesses a complex background and the
foreground image is close to the edge that is the background, the digital image pixels could be

wrongly segmented, leading to segmentation errors.

Superpixel-based image segmentation is commonly used, although it has limits when the focus is
on precision and boundary adherence, resulting in poor picture segmentation precision. (Xie et al.,
2019). Compactness refers to each superpixel's consistent shape and size, as well as its seamless
boundaries. Compact superpixels are superior at capturing spatially coherent information and
retrieving data from their boundaries. Overfitting in machine learning can be compared to non-
compact superpixels with irregular shapes: too much data (i.e. boundary pixels) is used to represent

the key information (i.e. object boundaries).



However, there is a gap in the literature failing to incorporate spatial compactness, which results

in under segmentation. Therefore, there is a growing need for research on distance measures in

superpixel segmentation. Subjective and objective approaches are two subcategories of the
methodologies accessible for this purpose. The subjective evaluation depends on the human
evaluation of the segmentation quality and objective evaluation relies on a perfect segmentation
reference which is often called the ground truth (Tiburzi et al. 2008).

1.3 Aim and Objectives
This study aimed to investigate the performance of an attribute concurrence influence distance
metric on image compactness in a superpixel segmentation algorithm. The following study

objectives were set to accurately attain this aim:

1. To comprehensively review the relevant primary studies based on the existing superpixel

image segmentation algorithms.

2. To experiment with the variants of a selected superpixel image segmentation algorithm
realised by utilising the strong attribute concurrence influence distance and Euclidean

distance in two colour models.

3. To compare the performances of variants of the selected superpixel segmentation algorithm

based on the standard superpixel evaluation measures.

1.4 Significance of the study

Due to the rising need for an improved and effective result for image segmentation in the domains
of computer vision and image processing, digital image segmentation is a popular area of research.
Superpixels, which are considered as a perceptual grouping within an image that attracts greater
human attention, is becoming more common in image processing applications. In trying to improve
efficiency for image segmentation, a comparison of commonly used algorithms to perform an
extraction of images from their background using incredible precision. According to literature
Euclidean distance measure is very popular and frequently used however it has limitations when
used for complex images. This study aims to reduce this limitation by using the SAID algorithm
that captures the background and foreground much better focusing on the region of interest as well

as the dimensions of boundaries with complex images.



1.5 Thesis Synopsis
The thesis is succinctly divided into five comprehensive chapters, which are arranged as follows.

Chapter One: Introduction to the thesis

Chapter one introduces a brief background to the study including the need for superpixel
segmentation with the use of perceptual colour difference measures for digital images. The chapter
identifies the research problem which led to the aim and objectives as wellas the contribution of

this study.

Chapter Two: Literature Review

The second chapter contains a thorough evaluation of important and useful publications on
superpixel segmentation methods for digital images. Furthermore, a systematic review and meta-
analysis were carried out to substantiate the advantage of superpixel segmentation over non-

superpixel segmentation.

Chapter Three: Research Methodology

Chapter three presents a well-described step-by-step approach carried to achieve the set aim and
objectives proposed in this study. The variants of the selected superpixel segmentation algorithm
amalgamated the SLIC algorithm with the strong attribute concurrence influence distances

(SAID) which addresses the aforementioned gap and produces high-quality compact superpixels.

Chapter Four: Presentation of Results and Discussion

This chapter presents the qualitative and quantitative analysis of the variants of the selected
superpixel segmentation algorithm results of the strong attribute concurrence influence distance
and Euclidean distance in two colour models. The selected superpixel segmentation algorithm was

compared based on the standard superpixel evaluation measures.

Chapter Five: Summary, Conclusions and Implications of the Study
This chapter wraps up the dissertation while reiterating the research contribution and offering

suggestions for further work.

1.6 Chapter Summary
The first chapter begins with a brief overview of the study's background, followed by the problem

statement, aim, and objectives. After that, it moved on to a summary of the study's relevance.



Finally, the thesis' structure was discussed. The next chapter contains reviews of key publications

that serve as a foundation for the study's background.



CHAPTER TWO

LITERATURE REVIEW

2.1 Introduction

This chapter provided a thorough overview of the literature, which served as the foundation for
this research. The second chapter is sub-divided into eight sections, with the first presenting the
digital image segmentation setting the building blocks of this study. The second section presents
the non-superpixel image segmentation which includes edge-based and region-based image
segmentation while the third section emphasized superpixel segmentation. The fourth section
includes a statistical data analysis using meta-analysis to assist us in determining the best image
segmentation approach grounded on the literature. The fifth and sixth section discusses the
clustering algorithms and distance measure for image segmentation respectively, they are building
blocks for the variants of the selected superpixel segmentation algorithm. In the seventh section,
colour models will be described, and in the eighth section, performance evaluation will be used to
evaluate the variants of the selected superpixel segmentation algorithm method to the state-of-the-
art algorithm.

2.2 Digital Image Segmentation

Image segmentation is a complex problem in image processing that can be addressed using a
repertoire of techniques (Pathegama and Ozdemir Gol.,2004). The importance of image
segmentation is extensively emphasized in literature for image processing and computer vision
(Vidal and Amigo, 2012; Cong et al., 2018; Minaee et al., 2021). Image segmentation is the process
of splitting a digital image into multiple regions (sets of pixels, also known as super-pixels) based
on homogenous criteria to extract relevant information from the segmented images (Cao and Wau,
2017). Image segmentation seeks to transform an object's representation into relevant attributes
based on image areas; a process of locating salient objects and boundaries in an image. Every pixel

that shares a common visual attribute is given a label in image segmentation.

Furthermore, image segmentation partitions a natural image into meaningful regions characterized
by homogenous extents like colour, intensity and texture, grayscale (Haralick., 1983; Liu and

Yang., 1994; Chehikian., 1999). These regions reveal salient information about the images such
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as colour, motion, position, texture, intensity and spectrum which is used for easy analysis (Bora
and Gupta., 2014). The image pixels are labelled so that each pixel in the image has a common

setof properties that can be shared.

Furthermore, the technique of segmenting an image into multiple different sections that are
expected to be semantically connected and meaningful is known as image segmentation (Wang et
al.,2013). Practical applications of image segmentation include the following trace tumours and
additional pathologies (Wu et al., 2014; George and Karnan, 2012), machine vision, object
detection (Delmerico et al., 2011), face detection, medical imaging (Pham et al., 2000; Forouzanfar
et al., 2010) and diagnosis of anatomical construction (Kamalakannan et al., 2010), fingerprint
recognition and video surveillance. The technique of segmenting an image into multiple different
sections that are expected to be semantically connected and significant can be grouped into

superpixel and non-superpixel image segmentation.

2.3 Non Superpixel Image Segmentation

Image segmentation that is not reliant on superpixels is known as non-superpixel image
segmentation. According to the literature, the most often used non-superpixel image segmentation
techniques are divided into two categories: edge-based and region-based. (Saini and Arora., 2014;
Zheng et al., 2018).

2.3.1 Edge Based Image Segmentation

Edge-based image segmentation is used in the literature to avoid the over-segmentation problem
by avoiding the selection of incorrect pixels during the marker selection step. (Kakhani et al.,
2019). Edge detection is the classification and identification of discontinuities in images. An edge
is defined as a border between two uniform regions (Al-Amri et al., 2010). Boundary detection
and image segmentation play an important pre-processing role for object identification and scene
interpretation for most computer vision applications (Ma and Manjunath., 1997; Ganguly et al.,
2009).

Edge-based segmentation methods aim to detect discontinuities in an image by drawing edges on
the region by detecting pixel values that match those of neighbouring pixels (Zuva et al., 2011;
Yogamangalam and Karthikeyan., 2013). Edges were modelled as intensity discontinuities for

grey-level digital images with a variety of brightness on pixels between boundaries as an edge
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signifies a physical boundary between dissimilar regions within an image with the aim of feature
detection and extraction (Thanammal and Sudha., 2014). The traditional edge-based method
detects salient objects by using a range of techniques such as colour gradient computation followed
by non-maximal suppression (Dollar and Zitnick, 2014). Unfortunately, many visually salient
edges, such as texture edges and illusory contours, do not match colour gradients. Finding a
consistent approach for edge detection is difficult since visually prominent edges correspond to a

range of visual phenomena. (Deng et al., 2017).

Many edge detector operators have been traditionally used for edge detection and boundary
extraction of images over the years which are intended for different edges. There are two types of
image segmentation based on edges: the first-order differential image edge detection which
includes Sobel operator, Prewitt operator, Kirsch operator, and Roberts operator, and second-order
differential edges detection operator, like Laplacian operator, LOG operator, and others such as
Canny operator and SUSAN operator (Acharjya et al.,2012; Thanammal and Sudha., 2014; Kaur
and Garg., 2011). These operators are modest yet influential in many applications used and have

been modified for colour images (Wesolkowski., 1999).

2.3.2 Region-Based Image Segmentation

Image segmentation is extremely important for image recognition and image analysis, according
to decades of research (Chen et al., 2009). The main goal is to partition an image into homogenous
regions which entail image exploration, object illustration and overall image analysis (Kaur and
Goyal., 2015). Therefore, the need to explore different segmentation methods. In region-based
segmentation, image pixels are grouped into homogenous regions based on spatially localised
features such as intensity, colour and texture (Leung and Malik., 1998; Kang et al., 2009; Zuva et
al., 2011). These techniques aim to separate objects from the background and focus on the areas
of interest (Lalaoui and Mohammadi., 2013).

According to literature region growing is a commonly used algorithm for region-based
segmentation (Kaur and Goyal., 2015; Saini and Arora., 2014; Peng et al., 2012). The region
growing segmentation algorithm partitions an image into equivalent primitive regions based on
similarities such as grey level intensity or colour if the pixel belongs to the same class it is fused
to form larger regions (Yogamangalam and Karthikeyan., 2013). This process continues until no

pixel can be added to the region (Chang and Li., 1994; Hojjatoleslami and Kittler., 1998; Saini and
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Arora., 2015). Performance is substantially improved with region-based models compared to edge-
based models reducing sensitivity levels to noise, added robustness and improved detection of poor
boundaries (Niu et al., 2017; Meher et al., 2019).

In 1998, Felzenszwalb and Huttenlocher introduced a pairwise region comparison-based picture
segmentation method. They established a function that quantifies the evidence for a boundary
between two regions as too coarse or too fine segmentation. Their suggested region-based
segmentation method uses a specific region comparison function to execute straightforward greedy
assessments while providing segmentations that conforms with the global features of not being
overly abrasive or fine. However, the same author enhanced the proposed technique in 2004 by
introducing an efficient graph-based image segmentation method (Felzenszwalb and
Huttenlocher., 2004). To solve the difficulty of image segmentation, their proposed solution used
a predicate to measure the boundary between two sections using a graph-based depiction of the
image. Thereafter the predicate is used to create an effective segmentation algorithm. Image
segmentation is performed using the algorithm, which constructs the graph using two different
types of local neighbourhoods and illustrates the results with actual and simulated images.
According to literature numerous region-based segmentation approaches were recommended for
improved segmentation including split and merge (Haralick and Shapiro., 1985; Kaur and Goyal

2015). The efficiency of region-based algorithms is application dependant.

2.4 Superpixel Segmentation

Ren and Malik (2003) pioneered the idea of superpixel as a pre-processing stage for segmentation.
Superpixels is simply the grouping of pixels into meaningful regions. Having compared several
superpixel segmentation algorithms it is found that that most of the performance of the algorithm
is exceptional with benefits ranging from memory efficiency, reduced computational cost, higher

accuracy, increased speed and incredible precision.

There are a few reasons why superpixel is preferred to pixels in image processing. An image with
a moderate resolution has several pixels, which is very inefficient to process whereas if the same
image is processed using superpixels will lead to reduced computational costs and minimal loss of
image information. Superpixels contains more information than pixels. The pixels belong to a
group of superpixels that share similar visual properties giving superpixel meaningful regions.

Superpixels allow for easy and compact image segmentation, resulting in significant
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improvements in image processing. Grouping pixels into meaningful regions reduces image

primitives and redundancy (Zhang et al., 2017).

There are enormous benefits from using superpixels for image processing. The current problems
of computer vision applications and processing require instant turnaround time with incredible
precision which can be satisfied using superpixels for segmentation. Superpixel based
representation speeds up the colourization method and increases spatial coherency compared to
using individual pixels (Gupta et al., 2012). According to the literature decreases the number of
image primitives and enhances representational efficiency. Properties for good superpixels
include coherence, compactness and regularity. (Wang et al., 2017)

Linear Spectral Superpixel (LSC) Segmentation Clustering extracts perceptually significant image
features and runs them in linear complexity with optimal memory performance (Li and Chen.,
2015). Every image pixel is linked to a position in a ten-dimensional feature space that is
segmented using weighted K-means, resulting in superpixels that are compact and uniform in
shape, with increased memory efficiency and linear time complexity. Experiments show that LSC
performs well when compared to other algorithms. The distance function, which has two items,
the seed distance and neighbour distance item, was used in Real-Time Superpixel Segmentation
by DBSCAN Clustering Algorithm (Shen et al., 2016). A DBSCAN density-based clustering
algorithm produced superpixel results with similar colours and geometric restrictions. Colour and
spatial information are measured and used to merge the small initial superpixel and their closest
neighbour superpixels. According to the author, this algorithm reduces the computational cost and
produces exceptional results. On the contrary, the suggested DBSCAN superpixel algorithm has
certain drawbacks. Because DBSCAN is a local optimum technique in both the clustering and
merging stages, the existing DBSCAN superpixel algorithm cannot completely meet the

compactness constraint.

The image segmentation is based on a superpixel's optimal spatial feature (Tian et al., 2015). It
divides an image into several sections with uniform and similar characteristics. Two experiments
are used to evaluate the method: (1) synthetic and actual SAR image segmentation, and (2) the
suggested method's application extension. The wavelet feature F is used to segment SAR images.

For natural image segmentation, the application extension for texture images is based on texture
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feature, i.e. grey level co-occurrence matrix (GLCM), and the feature of 3-D CIE Lab colour are
extracted. The proposed approach achieves improved segmentation accuracy of SAR images,

according to experimental data.

A simple superpixel segmentation technique with a border constraint (Zhang et al., 2016) presented
a superpixel segmentation model based on a distance measure that is developed to equalize
boundary adherence by combining texture features and compactness parameters of the ensuing
superpixels to assess the similarity of pixels and superpixel seeds. The algorithm is simple,
effective, and precise, ensuring object boundary compliance. For colour image segmentation,
Superpixel-Based Fast Fuzzy C-Means Clustering for Colour Image Segmentation (Lei et al.,
2019) used a superpixel-based fast FCM (SFFCM). The technique achieves colour image
segmentation with good segmentation accuracy at a minimal computing cost. The first contribution
is a multiscale morphological gradient reconstruction (MMGR) operation to generate superpixel
images with precision segmentation, and the second is a basic colour histogram to obtain a fast
FCM for colour image segmentation using a simple colour histogram. The experiments yielded
the best segmentation results, which are fast, however practical applications are limited because
the number of clusters must be pre-determined.

Homogeneous Superpixels from Random Walks (Perbet and Maki., 2011), presented an approach
to compute a superpixel image using the Markov random walks over graph representation of an
image. Their approach was using the Markov clustering methodology however when used in its
original form has limitations whereby it produces non-homogenous superpixels and it does not
scale well for large images as it fails to compute the square of the stochastic matrix in a reasonable
time. These limitations were addressed with a combination of both MCL and a compact pruning
strategy, which enforced the flow circulation to be local which ultimately led to producing more
homogenous superpixels faster and making the flow computation tractable at the same time.

Superpixels via Pseudo-Boolean Optimization (Zhang et al., 2011) introduced two new Pseudo-
Boolean optimization-based formulas for creating superpixels. Smaller sizes or irregular forms are
inhibited by the smoothing cost, therefore superpixels created by this method are regular in size
and shape. Most superpixels formed have a regular lattice configuration, with their boundary
adjusted to the image content's curves. The Elimination algorithm was used to compare four

algorithms, and it developed the pseudo-Boolean optimization step for this algorithm. The number

13



of superpixels does not influence the efficiency of their method. The experiment shows that their

approach can produce superpixels with the accuracy of Expansion Moves at the speed of Super

Lattices. The proposed method is substantially faster and more accurate than conventional

algorithms.

Shen et al. (2014) used Lazy Random Walks (LRW) to insert initial seeds of allotted superpixels

before using the LRW approach to acquire initial superpixels and bounds to make borders more

consistent. As a result, this approach assists in the optimization of seed positions and the splitting

of huge superpixels into smaller ones, resulting in improved superpixel segmentation performance.

Several superpixel segmentation algorithms have been created, according to the literature, with

outstanding performance rates and enhanced accuracy levels. (Minaee et al., 2021; Sultana et al.,

2020).

Table 2.1: Summary of Superpixel image segmentation based on ASA

Title Author/Year Method Approach | Achievable Dataset
Segmentation
Accuracy

“Superpixel Li and Chen, Linear Spectral | Super 0.962 1
Segmentation | 2015 Clustering Pixel
using Linear
Spectral
Clustering”
“Real-Time Shenetal., Super 0.964 1
Superpixel 2016 DBSCAN Pixel
Segmentation Clustering
by DBSCAN
Clustering
Algorithm”
Content- Xiao et al., 2018 | Content- Super 0.9624 4
Adaptive adaptive Pixel
Superpixel superpixel
Segmentation (CAS)

segmentation

algorithm
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Uses the
CIELAB colour
model

Differential Gongetal., Differential Super 0.962
Evolutionary 2017 Evolutionary Pixel
Superpixel Superpixels
Segmentation (DES)
“Use of Ghosh et al., “Superpixel Super 0.961
Spectral 2018 segmentation Pixel
Clustering algorithm,
Combined NKSC, which is
with of linear
Normalized computational
Cuts (N-Cuts) complexity and
in an lterative high memory
k-Means efficiency”
Clustering
Framework
(NKSC)
for Superpixel
Segmentation
with Contour
Adherence”
“SLIC Achanta et al., “Adapts k- Super 0.769
Superpixels 2012 means Pixel
Compared clustering to
to State-of-the- generate
Art Superpixel superpixels
Methods” with Euclidean

distance

measure”
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“VCells:
Simple and
Efficient
Superpixels
Using Edge-
Weighted
Centroidal
\oronoi
Tessellations”

Wang et al.,
2012

Voronoi-Cells.

Super
Pixel

0.9570

“Manifold
SLIC: A Fast
Method to
Compute
Content-
Sensitive
Superpixels”

Liu et al., 2016

“Manifold
SLIC isan
extension of
SLICto
compute
content-
sensitive
superpixels”

Super
Pixel

0.9763

“Entropy Rate
Superpixel
Segmentation”

Liu et al., 2011

Super
Pixel

0.9593

“Superpixels
and
Supervoxels in
an Energy
Optimization
Framework”

Veksler et al.,
2010

Super
Pixel

0.9501

“Real-Time
Coarse-to-fine
Topologically
Preserving
Segmentation”

Yao etal., 2015

Super
Pixel

0.9584
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“An improved
region-based
model with
local statistical
features for
image
segmentation”

Geetal., 2012

Region-
based

0.966

“Multi-Class
Support Vector
Machine”

Wang et al.,
2014

Support Vector
Machine
(SVM)

Region-
based

0.9274

“Mass
Classification
in
Mammograms
Using Selected
Geometry and
Texture
Features, and a
New SVM-
Based Feature
Selection
Method”

Liu and Tang,
2013

SVM

Region-
based

0.930

“Fast opposite
weight
learning rules
with
application in
breast cancer
diagnosis”

Saki et al., 2013

“Opposite
Weight Back
Propagation per
Epoch
(OWBPE)”

Region-
based

0.8928

“Learning-
based alpha
matting using
support vector
regression”

Zhangetal.,
2012

SVM

Region-
based

0.7300
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“Classification | Tahmasbietal., | Multi-layer Region- 0.9643
of benignand | 2011 Perceptron based
malignant (MLP)
masses based
on Zernike
moments”
“Directional Buciu and Proximal Region- 0.8230
features for Gacsadi., 2011 | Support Vector | based
automatic Machines
tumour (PSVM)
classification
of
mammogram
images”
“Morphologica | Rad etal., 2017 | Morphological | Region- 0.9744
Il region- Region-Based based
based initial Initial Contour
contour (MRBIC)
algorithm for
level set
methods in
image
segmentation”
“Region-Based | Girshick etal., Region-based Region- 0.842
Convolutional | 2015 Convolutional based
Networks for Network (R-
Accurate CNN)
Object
Detection and
Segmentation”
“An automatic | Wang etal., “Region-based | Region- 0.864
region-based 2010 Image based
image Segmentation
segmentation Algorithm
algorithm for based on k
remote sensing means
applications” clustering
(RISA)”
“Integrating Pratondo etal., | k-NNand SVM | Region- 0.930
machine- 2017 based
learning with
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region-based
active contour
models in
medical image
segmentation”

“A hybrid Gupta et al., “Active contour | Edge- 0.930
edge-based 2017 method using based
segmentation distance

approach for regularized

ultrasound level set

medical (DRLYS)

images” function”

“A Level Set Wan et al., 2018 | “Constructs a Edge- 0.980
Method for hybrid SPF based

Infrared Image made up of a

Segmentation global term and

Using Global a local term”

and Local

Information

Image

Segmentation:

Automated

Learning from

Examples”

“Robust Edge- | Pratondo etal., | “Edge-stop Edge- 0.910
Stop Functions | 2015 functions based

for Edge- Developed new

Based Active ESFs for edge-

Contour based active

Models in contour

Medical Image models”

Segmentation”

“Weighted Khadidos etal., | “active contours | Edge- 0.9549
Level Set 2017 implemented based

Evolution using level set

Based on methods for

Local Edge segmentation”

Features for

Medical Image

Segmentation”
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“A hybrid Kaur et al., 2019 | Spatial IFCM Edge- 85.57
edge-based clustering based

technique for (SIFCM)

segmentation

of renal lesions

in CT images”

“A Kavzoglu, T. Area Fit Index | Edge- 80.83
Comparative and Tonbul, H., | (AFI and based

Study of 2017 Quality Rate

Segmentation (Qn)

Quality for

Multi-

resolution

Segmentation

and Watershed

Transform”

“Fully Simu et al.,2017 | “automatic Edge- 98
automatic ROI extraction of based

extraction and radius and ulna

edge-based bones from a

segmentation left-hand

of radius and radiograph

ulna bones (RUROI)”

from the hand

radiographs”

“Classification | Kakhani etal., watershed Edge- 94.67
of very high- 2019 strategy based

resolution

remote sensing

images by

applying a new

edge-based

marker-

controlled

watershed

segmentation

method”

“An Efficient | Lietal., 2019 Iris Edge- 95.49
and Robust Iris segmentation based

Segmentation
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Algorithm
Using Deep
Learning”

2.5 Meta-Analysis Literature strategy
A literature search was undertaken for the meta-analysis to find all published publications on

superpixel and non-superpixel kinds of segmentation. The research was conducted using scholarly
resources such as the Web of Science and Google Scholar to find relevant published publications.
The literature search was conducted using the recommended reporting items for systematic
reviews and meta-analysis (PRISMA) technique (Panic et al., 2013; Hutton et al., 2016; Toews.,
2017). The following keywords were used to search these databases for English publications
published between 2010 and 2021. Image segmentation and text words in Web of Science: image
segmentation [All Fields]: (‘superpixel image segmentation’ [All Fields] AND ‘edge-based image
segmentation [All Fields]) OR ‘region-based image segmentation’[All Fields]. Boolean operators
like "OR" and "AND" were used to separate or combine the search terms. The studies retrieved
using the search strategies were imported into EndNote X9. Between 2010 and 2021, a total of
50,243 published papers were discovered, as shown in Figure 2.1. In addition, the reference lists
of the relevant papers were manually reviewed for any citations that were overlooked during the

electronic database search.

2.5.1 Inclusion and Exclusion Criteria

The studies conducted for image segmentation served as the papers' inclusion criteria. Superpixel
segmentation approach was included while non-superpixel segmentation such as edge-based and
region-based segmentation approach was also considered. Performance metrics such as achievable
segmentation accuracy was also included in the study. Books, book chapters, brief reports, and
theses authored in languages other than English and published before January 2010 were

eliminated. Articles that did not match the criteria for inclusion were also omitted.
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2.5.2 Statistical data analysis

The data were extracted and entered into an excel spreadsheet. Stata 15.0 was used to conduct the
statistical analysis. The data from image segmentation approaches were analyzed in a meta-
analysis, and the estimates and 95% confidence intervals were pooled. An inverse-variance model
was used to quantify heterogeneity using both fixed and random effects meta-analysis
(DerSimonian and Laird, 1986).

2.5.3 Meta-Analysis Results
The results of this investigation were obtained using the PRISMA criteria, as indicated in Figure
2.1. Atotal of 50,243 articles were found in two databases after the initial search. After EndNote
X9 deleted duplicates, only 14,933 documents remained in the sample. 10,000 articles were
crossed out after reading the abstracts. After the documents were examined, a total of 4,000 were
discarded for a variety of reasons. Finally, based on the inclusion and exclusion criteria, thirty-one

relevant published papers between 2010 and 2021 were selected for final review.
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Identification

Articles identified through databases
searching (n=50,243)

Records after duplicates removed
(n=14,933)

Screening

l

Records screened (n=14,933)

Records excluded based on title and

A 4

abstracts (n=10,000)

Eligibility

Full articles assessed for eligibility
(n=4,933)

Full articles excluded (n=4000)

Included

Included studies in quantitative
synthesis (meta-analysis) (n=933)

Total included studies (n=31)

Full text articles were excluded using the
inclusion and exclusion criteria (n=771)

e Incomplete data (n=96)

e Unclear information supporting image

segmentation approaches (n = 25)
e Irrelevant topic area and grey (n = 10)

Figure: 2.1 Flow diagram of the database searches (Preferred Reporting Items for

Systematic Reviews and Meta-Analysis)

2.5.3.1 Overall pooled Estimate

Figure 2.2 shows the forest plot resulting from the meta-analysis, which shows the studies, effect

sizes, confidence intervals, and weight. The overall estimates of image segmentation approaches

were 90.0% (95% ClI: 82.0, 98.0) using a random-effects model. According to the data of 12 =

1.69, chi-square = 16.78, degree of freedom = 30 and P = >0.01, between-study variability
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(residual amount of heterogeneity) was substantial. The quantity of residual heterogeneity reflects
the degree of variability. The 12 statistic (95.0%, P > 0.01) indicated significant heterogeneity
among the included studies

%
Study ES (95% CI) Weight

Li and Chen, 2015
Shen et al, 2016
Xiao et al., 2018
Gong etal., 2017
Ghosh et al_, 2018
Achanta et al., 2012
Wang et al,, 2012
Liu et al., 2016

Liu et al, 2011
Veksler et al., 2010
Yao etal, 2015 :
Geetal, 2012
Wang et al., 2014 -
Liu and Tang, 2013

—— (.96 (0.19, 1.00) 4.30
—— 096 (0.19,1.00) 4.30
0.24 (0.04, 0.69) 3.62
0.48 (0.09, 0.90) 1.32
—— (.96 (0.19,1.00) 4.30

0.33 (0.06, 0.86) 1.39
—+— (.56 (0.19, 1.00) 4.30
—= 0.97 (0.19, 1.00) 5.68

-

»

+

0.95(0.19,1.00) 3.48
0.95(0.19,1.00) 3.48
0.95 (0.19, 1.00) 3.48
0.49(0.09, 0.90) 1.32
0.93 (0.18, 1.00) 2.54
0.93 (0.18, 1.00) 2.54

-

Saki et al,, 2013 - 0.89 (0.16, 1.00) 1.69

Zhang et al., 2012 * : 0.72(0.11,0.98) 0.82

Tahmasbi et al., 2011 —— 096 (0.19, 1.00) 4.30

Buciu and Gacsadi, 2011 -+ : 0.82 (0.14,0.99) 112

Rad et al., 2017 —— 097(0.19,1.00) 568
1

Girshick et al., 2015
Wang et al.,, 2010
Pratondo et al., 2017 :
Gupta et al., 2017 . 0.93(0.18,1.00) 254
Wan et al., 2018 — 0.98(0.20,1.00) 843
Pratondo et al., 2015 - 0.91(0.17,1.00) 2.02

1

1

0.84 (0.15,0.99) 1.23
0.86 (0.15,1.00) 1.37
0.93 (0.18, 1.00) 2.54

01

+ e

Khadidos et al., 2017 —#— 0.96(0.19,1.00) 4.30
Kaur etal, 2019 0.86 (0.15,0.99) 1.34
Kavzoglu. T. and Tonbul, H., 2017 . 0.81(0.14,0.99) 1.07
Simu et al. 2017 : 4 098 (0.20,1.00) 643

»

-»

Kakhani et al., +— 0.95(0.19,1.00) 3.27
Lietal., 2019 —— 0.95(0.19,1.00) 3.83
Overall (12 = 0.0%, p = 0.975) <= 0.90(0:82,098) 100.00
:
1 |
00424 1

Figure 2.2: Pooled estimate from the random-effect model

The heterogeneity chi-square test result obtained in this study affirmed the statistical significance
of heterogeneity (Figure. 2.3). The diamond indicates the pooled estimate, and each line

represents the confidence interval around the estimate.
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%
Study ES(95%Cl)  Weight

Li and Chen, 2015
Shen et al, 2016
Xiao et al., 2018

—4— (.96 (0.19, 1.00) 4.30
—— 096 (0.19, 1.00) 4.30
)

0.24 (0.04, 0.69) 3.62

L 4

(

(

(
Gong etal., 2017 + 0.48 (0.0, 0.90) 1.32
Ghosh etal., 2018 —— 0.96(0.19, 1.00) 4.30
Achanta etal., 2012 * \ 0.38 (0.06, 0.86) 1.39
Wang et al., 2012 e 096(0.19,100) 430
Liu et al., 2016 —— 0.97(0.19,1.00) 568
Liu et al., 2011 Lie— 095(0.19,100) 3.48
Veksler et al., 2010 —— 0.95(0.19,1.00) 3.48
Yao et al., 2015 L_g— 0.95(0.19,1.00) 348
Geetal, 2012 ¢ 0.49 (0.09, 0.90) 1.32
Wang et al., 2014 $— 0.93(0.18,1.00) 254
Liu and Tang, 2013 <#— 0.93(0.18,1.00) 254
Saki etal., 2013 + 0.89 (0.16, 1.00) 1.69
Zhang et al., 2012 + : 0.72(0.11,0.98) 0.82
Tahmasbi et al., 2011 ——— 0.95(0.19, 1.00) 4.30
Buciu and Gacsadi, 2011 -~ 0.82(0.14,0.99) 1.12
Rad et al, 2017 —— 0.97(0.19,1.00) 568
Girshick et al.. 2015 > 0.84(0.15,0.99) 1.23
Wang et al., 2010 * 0.86 (0.15, 1.00) 1.37
Pratondo et al., 2017 +— 0.93(0.18,1.00) 254
Gupta et al., 2017 “e— 093(0.18,1.00) 254
Wan et al., 2018 — 0.98(0.20, 1.00) 8.43
Pratondo et al., 2015 4 0.91 (0.17, 1.00) 2.02
Khadidos et al., 2017 —e— 0.96(0.19, 1.00) 4.30
Kaur et al., 2019 — 0.86 (0.15, 0.99) 1.34
Kavzoglu, T. and Tonbul, H., 2017 — 0.81(0.14, 0.99) 1.07
Simu et al,, 2017 L& 0.98(0.20,1.00) 843
Kakhani et al., +— 095(0.19,1.00) 327
Lietal., 2019 —+— 0.95(0.19,1.00) 3.83
Overall (1"2=0.00%, p=) <= 090(0.82,098) 100.00

1
1

T I | T !
-5 0 5 1 15

Figure 2.3: Pooled estimate from the fixed-effect model

Although, the pooled estimate indicated that there is no heterogeneity but this study went further
to examine the subgroup analysis to ascertain the findings of this paper. To investigate the origins
of heterogeneity, a subgroup analysis was performed for the selected grouping. The main flaw of
heterogeneity measurements is that they only provide global measures with no information on the
origins of heterogeneity. Due to the extreme gap, subgroup analysis is required to uncover sources
of heterogeneity. Subgroup analysis is the process of dividing participant data into subgroups to
make comparisons between them. Subgroup meta-analytic interpretation can provide useful
insights into moral implications that would not be acquired from a non-subgroup study. In
subgroup analyses, the method with the highest approach was estimated to be 95% (95% ClI:
79.0%- 1.11%; 1?> = 0.0%), followed by Region-based with 90% (95% Cl: 74.0%; 1.05%; 1> =
0.0%), and superpixel 85% (95% CI: 70.0%- 1.0%; I> = 25.70%) and edge-based approach to be
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(Figure 2.4). The advantage of a superpixel over the other approaches is that it possesses a high

heterogeneity.
%
Study ES (95% CI) Weight
Super Pixel

Veksleretal, 2010
Yaoetal, 2015
Subtotal (1"2=25.70%, p=0.20)

0.95 (0.19. 1.00) 348
0.95 (0.19. 1.00) 3.48
0.85 (0.70. 1.00) 30.65

]

Li and Chen, 2015 —— 0.96 (0.19, 1.00) 430
Shen =t 2l 2018 - 0.96 (0.19, 1.00) 430
Xiao et al., 2018 —- ' 0.24 (0.04, 0.60) 362
Gong et al.. 2017 - . 0.48 (0.09. 0.90) 132
Ghosh et al, 2018 —— 0.96 (.19, 1.00) 430
Achanta et al.. 2012 < ! 0.38 (0.06, 0.86) 1.39
Wang etal., 2012 —— 0.96 (0.19, 1.00) 430
Liu etal., 2018 —¢ 0.97 (0.19, 1.00) 5.68
Liu et al., 2011 —— 0.95 (0.19, 1.00) 3.48

—9—

——

Repion bassd
Geetal.. 2012 -¢-
Wang etal., 2014

Liu and Tang, 2013

0.49 (0.09, 0.90) 132
0.93 (0.18. 1.00) 254
0.93 (0.18, 1.00) 254

J

Sakietal, 2013 - 0.89 {0.18, 1.00) 1.69
Zhangetal, 2012 %~ - 0.72(0.11,0.98) 0.82
Tzhmasbi et al, 2011 —— 0.96 (0.19, 1.00) 430
Buciu and Gacsadi, 2011 —— 0.82 (0.14, 0.09) 112
Radetal, 2017 —- 0.97 (0.19, 1.00) 5.68
Girshick et al, 2015 - : 0.84(0.15,0.89) 123
Wang etal., 2010 — 0.8 (0.15. 1.00) 1.37
Pratondo et al., 2017 —p— 0.93 (0.18, 1.00) 254
Subtotal (1"2=0.00%, p=1.00) -¢-— 0.90 (0.74. 1.06) 25.13
]
Edge-based :
Gupta et al, 2017 l0-— 0.93 (0.18, 1.00) 2.54
Wan etal., 2018 — 0.98 (0.20, 1.00) 8.43
Khadidos et al., 2017 <— 0.96 (0.19, 1.00) 430
Kaur et al., 2019 $—- 0.88 (0.15, 0.09) 1.34
Kavzoglu, T. and Tonbul, H., 2017 ¢ : 0.81(0.14, 0.89) 1.07
Kakhani et al., : - 0.95 (0.19, 1.00) 3.27
Lietal, 2019 —— 0.95 (0.19, 1.00) 383
Subtotal (1"2=0.00%, p=1.00) -@-— 0.95 (0.79. 1.11) 2477
I
Edge-based |
Pratondo et al., 2015 ~p—— 0.91 (0.17, 1.00) 2,02
1
I
Edge- based '
Simu et al 2017 —& 0.98 (0.20, 1.00) 8.43
I
I
Heterogeneity between groups: p = 0.882 :
Overall (1*2 = 0.00%. p = 0.98); - 0.90 (0.82, 0.88) 100.00
[
1
I | | | |
-5 0 3 1 15

Figure 2.4: Subgroup analysis based on the approaches

2.6 Clustering Algorithm
Clustering is the process of dividing a collection of unlabeled objects into subgroups called clusters
so that objects in the same group are more related than objects in other groups. Clustering has

many application areas which include: Machine learning, data mining, pattern recognition, image
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analysis, and bioinformatics all use clustering as a statistical data processing procedure. (Ajala et
al., 2012). Even though clustering algorithms and classifier methodologies are likely to work
together, clustering algorithms may not necessitate training data; instead, they repeat through
segmenting the image and identifying the attributes of the individual classes. As a result, they are
often known as unsupervised approaches. Clustering algorithms are often based on a similarity or
dissimilarity index between pairs of data points (Isa et al., 2009). Clustering is one of the most
efficient strategies among the various techniques. Clustering can be divided into several types: K-

means clustering, improved K-means and Fuzzy C-means clustering.

2.6.1 K-Means

K-means is an unsupervised and one of the key fundamental algorithms for handling clustering
issues, according to the literature. (Dehariya et al., 2010; Lala et al., 2013). The K-means approach
is used to assign each point to a cluster, whose Centred is known as the closest centroid. The
cluster centred is the average of all of its points, and its parameters are the mean value of each
measure over all of the cluster's points (Madhulatha., 2012). There are two aspects to the K-means
algorithm. In the first phase, it calculates the k centroid, and then in the second phase, it shifts each
point to the cluster with the closest centroid to the data point. K-means clustering is beneficial for
biomedical image segmentation since the number of clusters is usually known for images of certain
regions of the human anatomy (Wu et al., 2007; Lala et al., 2013). The K-mean clustering
approach, according to (Rauf et al., 2012), is where the clusters are completely dependent on the
centroids of the initial clusters. The distances between all data components are determined using
the Euclidean distance formula once K data elements are chosen as initial centres.

Although the K-means algorithm has the advantage of its simplicity and eases of implementation.
K-means algorithm can be used for grouping large information sets (Nazeer et al., 2009). It has
drawbacks, one of which is that the quality of the final clustering results is dependent on the initial
centroid selection which could vary for different initial centres which need to be carefully chosen
for the desired result (Dhanachandra et al.,2015). Another drawback of K-means is that the user

needs have prior knowledge of the number of clusters that are searched for (Napoleon et al., 2010).

2.6.2 Improved K-Means
Any type of integer data can be used in an upgraded K-mean clustering algorithm. During each
iteration, the method saves the cluster labels and the distance of all data objects to the nearest
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cluster using two basic data structures so that they can be reused in the next iteration. After then,
the distance between the current date object and the new cluster Centred is determined (Na et al.,
2010).

2.6.3 Fuzzy c-mean

Fuzzy clustering is the method for pre-structuring and analyzing fuzzy data to classify it and make
inferences. It is possible to create homogeneous data pools for the same cluster and heterogeneous
data pools for distinct clusters (Kavitha and Prabakaran, 2019). Within the group, distances are
kept to a minimum, but distances between groups are increased. Although there are additional
alternative categorizations, fuzzy clustering can be classified into hierarchical and non-hierarchical
techniques. Agglomerative (grouping) and divisive (dividing) approaches fall under the first
category. Single-pass methods, relocation methods, nearest neighbour methods, and so on are all
subcategories of the non-hierarchical category. Even with memory constraints, fuzzy C-means has
proven to be efficient without affecting clustering accuracy. In terms of the amount of the dataset,

the approach is also ideal.

2.6.4 Pixel Intensity Clustering Algorithm

While clustering-based algorithms have shown to be effective for a limited number of criteria, the
computation complexity for a significant number of thresholds poses a problem. Pixel Intensity
Clustering Algorithm (PICA) is an innovative multilevel clustering approach developed by
Olugbara et al. (2015) to alleviate the problem of the computational cost faced by clustering
algorithms. Their innovative approach starts with a linear partitioning approach that uses a
group of image pixels, the amount of chosen clusters, and a set of image pixel intensities to
establish cluster centroids. This initialization technique differs significantly from traditional
clustering-based segmentation algorithms, which randomly hand-pick the primary cluster
centroids. Furthermore, the initialization technique in the first phase achieves the critical goal of
preventing dead centres, a typical delinquent in traditional clustering algorithms. The second step
is the apportionment of image pixels into groups and the computation of final images is the last

phase of their innovative algorithm.
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2.7 Distance measure for image segmentation

In the age of digital technology, digital images have rapidly increased and become popular within
digital content. As a result, research in superpixel segmentation has received enormous attention
in literature from cognitive neuroscience to computer vision and image processing (Ahn et al.,
2017). A cluster is a set of objects that are similar within one group but different from those in
other groups. To determine how similar two objects are, a distance measure is utilized. Clustering
produces groupings that can be used as a pre-processing step in classification algorithms. Grouping
data into classes of similar entities (related) is known as clustering a method of grouping
homogeneous regions of objects with a high level of similarity into a cluster when compared to
one another and dissimilar data (not related) within other clusters (Bora and Gupta., 2014).
Dissimilarities are assessed on features related to the objects requiring further investigation on how
to compute dissimilarities between objects represented by interval scaled variables. Various
distance measures can be used to compute dissimilarity matrix interval-scaled variables using
Euclidean, Manhattan, Minkowski (Thant and Aye., 2020; Faisal et al., 2020).

2.7.1 Euclidean Distance

According to Kokare et al., (2003), the Euclidean distance (EUC) metric is the distance between
two points that can be measured with a yardstick or the diagonal-line distance between two points.
It requires preprocessing before implementation which compromises the image quality. Although
it is easy to implement and test hence, it is ineffective for image data and document categorization
(Pandit and Gupta., 2011; Wu et al., 2013). Euclidean distance is a commonly used distance
measure to extract similarities between two vectors (Hanoun and Hashim., 2019; Alias et al.,
2019). Which is used to find the square root of the sum of absolute differences between two vector
elements (Wady and Ahmed., 2019; Kavitha and Rao., 2019). It is considered to be a straight-line
distance between two points and can assess any dissimilarity between two objects (Ricotta., 2021).

Presently a preferred distance measure and is also known as a Ruler Distance and L2 Distance
(Elen and Avuclu., 2021; Patel and Ghosh., 2020; Varma and Choudhary., 2019). Euclidean
Distance is suited for cluster boundaries that are linear but has limitations when these group
boundaries are non-linear or complex as the distance measure is insufficient to discover them
(Sharma and Seal., 2020). Exceptional outcomes are achieved with compact datasets that have the

same metrics however when two objects do not have uniform metrics could lead to a variation of
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distance when compared with other pairs of objects that have similar features (Patel and
Upadhyay., 2020). According to the literature, there are numerous advantages to employing the
EUC distance measure, including the fact that the distance between two items is unaffected by the
addition of new objects to the study and that it is spontaneous (Mercioni and Holban., 2019; Vélez-
Falconia et al., 2020).

However, scale discrepancies between the dimensions from which the distances are generated can
alter the distances, increasing the computing cost (Mercioni and Holban., 2019). Euclidean
distance is represented by Patel and Upadhyay., (2020):

n

d(xi, xj)) = VY (xik — x]'k)2

k=0

2.1)

2.7.2 Minkowski distance
The Minkowski distance measure generally evaluates the similarity among objects. It combines

three methods to compute similarity, these include the nearest neighbour similarity, Minkowski
distance and Euclidean distance methods. Minkowski distance aims to calculate similarity based
on geometric distance (Salmin et al. 2020). It is a metric on the Euclidean space which is
considered a generalization of the Euclidean and Manhattan distance defining two points in the
vector space (Al-Sbou., 2020; Kavitha and Rao., 2019; Wady and Ahmed., 2019). Provides the
finest results when the dataset is dissimilar from each other producing fast, robust, and easier to
comprehend however the algorithm does not work well for categorical data and fails for non-linear
datasets (\VVélez-Falconia et al., 2020). An added weakness of the Minkowski distance function is
that if one element in the vectors has a larger range than the other elements, this value takes over
the other elements (Al-Shou., 2020). Minkowski norm is defined by Gueorguieva et al., 2017:

dm(xi, x7) = mV YR _; | (xie — xj)|™

(2.2)
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2.7.3 Chebyshev
The Chebyshev distance metric is also known as a chessboard or maximum value distance is

acquired if the regulating value is boundless (Patel and Ghosh., 2020) also referred to as an
exceptional case of the Minkowski distance with A = oo (Wady and Ahmed., 2019). The Chebyshev
Distance between point’s p and g is given whereby pi and qi are the standard coordinates (Varma,
N.M. and Choudhary., 2019). Chebyshev distance provides the benefit of taking less time to decide
on the distances between datasets however a weakness if the middle position is adjacent may not

perform optimally (Vélez-Falconia et al., 2020).

Chebyshev distance or infinity norm between two vectors is the highest of their absolute
magnitude alongside the vector dimension. Chebyshev distance can be an alternative for systems
that require fast calculation when compared to other distance measures. It's also referred to as
the greatest value distance and calculated as the absolute magnitude of a pair of data points'

coordinate differences. The following is the distance. (Gultom et al., 2018):

d(xi, xj) = max |(xik — xjk)| (2.3)
2.7.4 Manhattan distance
Manhattan Distance also known as City Block or L1 distance evaluates space among two points X
and y with k measurements which is the sum of distances from all the attributes (Varma and
Choudhary., 2019; Wady and Ahmed., 2019; Suwanda et al., 2020; Abdulrahman et al., 2020).
Manhattan distance is fairly limited as its effectiveness is dependent on the coordinates used
(Sharma and Seal., 2020). It calculates the grid distance using diagonal movements and pixels
(Patel and Ghosh., 2020), which is illustrated as computing the sum of two sides of a right triangle
except for the longest side (Motwani and Sharma., 2020). An advantage of this measure is that it
is less sensitive to noise as the distance measure is not squared and can salvage images at a faster
rate (Patel, B. and Ghosh), however, it is dependent on the variation of the coordinates (Vélez-
Falconia et al., 2020).

The Manhattan distance is a measurement of two points along axes at right angles, which is
commonly employed in integrated circuits using parallel wires. It can be generalized to higher
dimensions, but it is ineffective for image data and document categorization. (Tolentino and

Gerardo.,2019). Manhattan distance measures between two points along the axes at right angles.
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In a plane with pl at (x1, y1) and p2 at (x2, y2), itis [x1 - x2| + |yl — y2|. This distance measure is

frequently used in integrated circuits where the wires run parallel to the X or Y axis only:

n

d(xi, xj) = Y| (xik — xji) |
k=0

(2.4)

2.7.5 Cosine distance

The cosine distance is a measure of similarity between two vectors of n dimensions that are
calculated by determining the angle between them, and it is frequently used in data mining to
compare documents. Cosine angle distance describes the vector similarity using the angle that
separates two vectors (Wady and Ahmed.,2019), which discovers a regularized dot product of two
feature points (Kavitha and Rao., 2019). The cosine angle distance metric efficiently discovers
the angle of cosine between the Eigen standards of vectors (Patel and Gosh., 2020). It initiates a
measure that can differentiate amongst similar texts, ranking them in similar order but has a
weakness of its inability to deliver data on the scale of differences (VVélez-Falconia.,2019). Cosine
distance expression is (Wang et al., 2018):

2P XK XL
COSINE(Xx,X1) =1 — 2’ ]E /
r X * 2 2

(2.5)

2.7.6 Mahalanobis distance

Mahalanobis distance metric was named after an Indian statistician during 1893 and the concept
was implemented in 1936. It is a well-known tool in multivariate analysis with multiple
applications (Ghorbani., 2019). Prevalent applications included supervised classification, outlier
detection, multivariate depth measures and hypothesis testing (Berrendero et al.,2020). It is also
known as the quadratic distance which computes the differences amid two groups (Patel and
Ghosh., 2020; Varma and Choudhary., 2019). Mahalanobis distance metric is a correlation-based
statistical-based distance metric that evaluates the dissimilarity between two multivariate sets of

data (Sarmadi et al., 2021). It's a metric for comparing a feature vector to a multivariate normal
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distribution with a specified mean feature vector and covariance matrix. (Wady and Ahmed.,
2019).

The Mahalanobis distance is used to calculate the distance between two points in a space defined
by relevant structures. It accounts for imbalanced variances and relationships between features,
therefore, evaluating the distance by allocating varying weights to data points. When the features
are dissimilar the distance measure using Mahalanobis is similar to the Euclidean distance metric.
The Mahalanobis distance is well-known for its ability to cluster data, but it has drawbacks in
terms of processing time and the need for large samples for training. It further has difficulty in
determining the covariance matrices accurately and requires huge amounts of memory and time

for processing (Kokare et al., 2003). The Mahalanobis distance is indicated by (Leys et al., 2018):

d=v(x—-w (- W (2.6)

2.8 Colour Models

The variety of colour models developed for colour image segmentation is significantly greater than
one may expect at first glance. There are dozens of colour models, most of which are related to
their intended usage. A survey of previous studies in this area reveals that choosing the best colour
model for colour image segmentation remains a difficult topic in image processing and computer
vision. To date, no colour model has proven to be superior to the others in terms of suitability for

all types of images.

2.8.1 RGB

Human perception of colour is the way it is recognised and visualized based on common
characteristics such as hue and intensity (Ibraheem et al., 2012). Many mathematical colour
models were used to quantify colours and segment images based on their colour content (Chikando
and Kinser 2005). According to literature choosing a suitable colour model for computer vision
algorithms is extremely important for feature detection, object recognition, and tracking enforcing
similarities of colour properties within a class of image pixels that have similar colours (Stokman
and Gevers., 2007; Khattab et al., 2014). The RGB model represents colours that are tristimuli red
(R), green (G) and blue (B) as its primary colours (Cheng et al., 2001; AlQadi et al., 2017).
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RGB is an additive model in which the main colours are added together to form a comprehensive
array of colours, therefore is considered as the base colour model for various applications which
include procurement, storage and display (Basilio et al., 2011). The lack of separation between
the luminance and chrominance components is a shortcoming of this model, making it an
unsuitable choice for colour analysis and colour-based recognition, as well as robotic vision
applications (Bruce et al., 2000; Chikando and Kinser 2005; Al-Tairi et al., 2014).

2.8.2 CIELAB

CIELAB is a perceptually homogenous colour model that has been authorized by the Commission
Internationale de I'Eclairage and is used for image analysis (Weatherall and Coombs., 1992). The
international standard was established in the early 1970s to assist with quantifying colour
reproduction errors focusing on enormous identical coloured areas (Zhang and Wandell., 1996).
Colour combinations such as red and yellow, blue and red, green and yellow, and blue and green-

blue make up the CIELAB colour model.

An object's brightness is measured on a scale of 0 to 100, with 0 being black and 100 representing
white. The * coordinate represents the position of an object's colour on a pure green and pure red
scale, where -127 represents pure green and +127 represents pure red. The b* coordinate represents
the position of the object's colour on a pure blue background (Ganesan et al., 2010). Unlike the
RGB and CMYK colour models, CIELAB has the advantage of being built to resemble human
vision. Its L component closely reflects how individuals sense lightness, and it seeks perceptual
homogeneity. It can thus be used to fine-tune the colour balance by modifying the output curves
in the a and b components, as well as the lightness contrast by adjusting the L component.

2.8.3 HSV

HSV is one of the colour models that has been employed in an attempt to use ones that are more
similar to how people see colour. HSV is made up of three elements: hue (H), saturation (S), and
value (V). H stands for "colour," S stands for "colour dominance," which ranges from unsaturated
(grey areas) to saturated (no white element), and V stands for "brightness.” HSV colour model has
earned the potential to assist applications in noisy colour image segmentation in recent years (Bora
et al, 2015). HSV colour model, as stated by (Sural et al, 2002), can perceive colour with high
intensities, making it easier to discern salient objects from the backdrop. As a result, their study
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of HSV-based characteristics is utilized to investigate segmentation clustering techniques such as
FCM and K-means.

Table 2.2: Summary of Colour image segmentation based on different colour models

Title Author Year Type of Colour Segmentation
image used | model algorithm

“Automatic seeded region Shih et al., Nature RGB Seeded region

growing for colour image 2005 scene growing

segmentation” images

“Colour image segmentation | Sowmya et RGB FCM, PFCM,CNN

using fuzzy clustering al., 2011

techniques and competitive

neural network”

“LS-SVM based image

segmentation using colour Yangetal., BSD,

and texture information” 2012 MSRC, HSV FCM
SED

“Determination of Number Rayetal., Synthetic | RGB K-Means

of Clusters in K-Means 1999 and natural

Clustering and

Application in Colour Image

Segmentation”

“A Study of Efficiency and | Connolly and | Captured CIELAB

Accuracy in the Fliess, image

The transformation from 1997

RGB to CIELAB Colour

model”
Skin

“Comparison between Kaur and colour YCDbCr

YCbCr Colour model and Kranthi, 2012 CIELAB

CIELab Colour model for

Skin Colour Segmentation”

“Colour Image Segmentation | Baldevbhai Medical CMYK

for Medical Images using and Anand, images

L*a*b* 2012

Colour model”

“White Blood Cell Zhangetal., | White RGB K-Means

Segmentation by Colour- 2014 bloodcell | CMYK
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Space-Based K-Means
Clustering”

“Skin Segmentation Using
YUV and RGB Colour Al-Tairi etal., | Skin YUV and
models” 2014 detection RGB

“Intra-prediction for colour
image coding using YUV

correlation”
YUV and
Lucasetal., RGB Multidimensional
2010 Multiscale Parser
“An accurate algorithm for Zhangetal., | Hairand XYZand | expectation-
head detection based on 2008b skin HSV maximization
XYZand HSV hair colours algorithm

and skin colour models”

2.9 Performance Evaluation Metrics

In the literature, boundary recall, under-segmentation error, compactness, boundary recall and
contour density have all been proposed as measures for analyzing the variants of the selected
superpixel segmentation algorithm. These metrics are meant to highlight segmentation precision,
superpixel compactness, regularity, coherence, and efficiency (Wang et al.,2017). It is just as
crucial to choose the right evaluation metric for evaluating the quality of segmentation for ground
truth segmentations as it is to evaluate the quality of segmentation for ground truth segmentations.
Which will invariably save time and work when it comes to achieving ideal systems. (Taha et al.,
2015).

2.9.1 Under segmentation Error
The amount of overlap between superpixels and a ground-truth segmentation boundary is

measured by under segmentation error (UE). Hence, the quality is being evaluated by penalizing
superpixels overlapping with multiple objects. Inaccuracies in image segmentation occur when
over-segmentation or under-segmentation of an image takes place that is when too many or too
few segments are generated (Moller et al., 2007). Equation 2.7 is used to compute the under

segmentation error (Hahm et al., 2015):
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2.9.2 Achievable segmentation accuracy
The highest achievable segmentation accuracy (ASA) is calculated by labelling each superpixel

with the ground truth label with the largest overlap area. (Liu et al., 2011). ASA refers to the degree
to which the segmentation output matches the real object, as well as efficiency, which refers to the
amount of computer and human time required to complete an activity. A high ASA indicates that
the superpixels interact well with the image's objects. Equation 2.8 depicts the ASA (Xiao et al.,
2018):

imax |sin gl
ASA = it (2.8)

Y19l
=1

2.9.3 Compactness
Each superpixel has a regular shape and size with smooth boundaries, which is referred to as

compactness. Compact superpixels capture spatially coherent information better and retrieve data
from their boundaries more easily. Superpixel compactness (CO) is computed using the
isoperimetric quotient as shown in equation 2.9 (Xiao et al., 2018; Dolz et al., 2017):

co-yq & 2.9)

Se= Slll

2.9.4 Boundary recall
Boundary recall (BR) is a common metric for boundary adherence that estimates the percentage

of ground truth edges that fall inside two pixels of a superpixel boundary. With a strong border

recall, only a few real edges are missed (Liu et al., 2011; Li et al., 2021; Xiao et al., 2018):

37



> Lmin || p-qll<e)

BR = reBa) ) (2.10)

2.1 B@))|

1

2.9.5 Contour Density
The number of pixels utilized to represent the edges of superpixels, normalized by the total number

of pixels in an image, is known as contour density (CD). The smaller the CD, the better the
outcome (Zhang et al., 2016). Hence, the CD is mathematically represented as shown in the
equation ... as the proportion between the number of contour pixels of superpixel and the total
number |D| of pixels in the image (Machairas et al., 2014; Machairas et al., 2015):

cp= /¢l (2.11)

2.10 Chapter Summary

A complete survey of literature papers based on superpixel segmentation algorithms for digital
images is presented in Chapter 2. The chapter is divided into eight sections, with the first presenting
the digital image segmentation setting the foundation of this study. The second section presents
the non-superpixel image segmentation which includes edge-based and region-based image
segmentation while the third section emphasized superpixel segmentation. The fourth section
includes a statistical data analysis through meta-analysis to guide us in choosing the optimum
strategy for image segmentation based on the literature. The fifth and sixth section discusses the
clustering algorithms and distance measure for image segmentation respectively, they are building
blocks for the variants of the selected superpixel segmentation algorithm. The seventh section
discusses colour models and finally, the eighth section presents the performance evaluation that

will be used in measuring the suggested algorithm with the state-of-the-art algorithm.
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CHAPTER THREE

RESEARCH METHODOLOGY

3.1 Introduction

This chapter outlines the methods that were used in this study to achieve the research aim and
objective 2 specified in Chapter 1. Firstly, the basic procedures are taken to construct the suggested
image segmentation algorithm, which is based on four sequential phases: the SLIC algorithm, the
SAID distance measure, and the perceptual algorithm that incorporates SLIC and SAID. The

dataset used and performance evaluation was further discussed.

3.2 Simple Linear Iterative Clustering (SLIC)

The SLIC superpixel technique uses k-means-based local group pixels to efficiently generate
extremely uniform and compact superpixels in a combined five-dimensional colour and picture
plane space to detect important regions or the focus of attention in digital images. (Ren and Reid.,
2011). For grouping digital images in constructing a background template, a 5-D spectral

clustering and boundary-focused region merging are utilized.

The CIELAB colour model was chosen because it is perceptually homogeneous over a wide range
of colour distances. The clustering process for colour images in the CIE L*A*B colour model
begins with an initial part in which k circular seeds are arranged in a lattice formation and the
distance between lattice neighbours of initial cluster centres Ci= [L*a*b*x*y] is validated on a
regular grid spaced S pixels apart to generate nearly equal superpixel sizes, which represent the
saliency detection performance of each segment. The space grid S :\/N_/k. Where N is the nth
amount of pixels in the image to verify that the superpixel of the digital image is distributed evenly
(Ranjan et al., 2017; Archanta et al., 2012; Ahn et al., 2015). Instead of using the Euclidean
distance directly in this 5-D context, SLIC proposes a novel distance measure that considers

superpixel size. Ds is a distance measurement that is defined as follows:

ds =V (xj — x)% + (vi — ¥))? (3.1)

We start by sampling K cluster centres that are evenly distributed and shifting them to seed
positions that correspond to the lowest gradient position in a 3 x 3 neighbourhood. This is done

to
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prevent them from being placed on the edge of the screen and limit the odds of picking a noisy

pixel. Image gradients are calculated as follows (Liu et al., 2016):

SLIC saves you time by avoiding hundreds of point-to-point calculations. In practice, a pixel is
found within a cluster of less than eight cluster centres, implying that SLIC is complicated.
Algorithm 1 contains three main steps: initialization, local k-means clustering and postprocessing.
Simple linear iterative clustering (SLIC) uses a five-dimensional CIELAB colour and coordinate
space defined by (L, a,b,x,y) for its local clustering of pixels (Achanta et al., 2010). It is
implemented as a basic K-means-based local clustering of pixels in the 5-D [labxy] space, which
is determined by the CIELAB colour model L, a,b values and the pixel coordinates. When
utilizing SLIC, the CIELAB colour model is chosen since it is perceptually homogeneous over

tiny colour distances.
3.3 Strong Attribute Influence Distances Distance Measure

The difficulties with content-based image retrieval led to the development of a distance function
that assesses image similarity in a way that is consistent with human perception. The Attribute
concurrence influence distances (AID) is a new distant function that seeks to load images based
on their similarity. This allows the user to set settings and sway attribute concurrence's influence.
Variations of attribute concurrence lead to either strong (high) or weak (low) levels of perceptual
effects of dissimilarity. (SAID) Strong Attribute Influence Distances algorithm compares objects
where the attribute concurrence influence is strong (Felipe et al., 2009). When compared to the L,
class, SAID generated the best results in literature experiments on medical images using the

qualities (uniformity, homogeneity, variance, and entropy).

The minimum background and foreground colour difference with SAID similarity measure
similarity will be used to get the salient pixel instead of Euclidian. Therefore, the SAID

similarity measure ds is defined as follow: (Felipe et al., 2009)

—1)2— — 2_ 2(n—1)2
ds = y(n—1)*—2x+(n 1)\/4x 4xy+y-(n—1) fOT' n>2 (32)

2(n—2)
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Based on the result analysis it was concluded that Euclidean distance performed better than
SAID ingeneral images, however, SAID outclassed Euclidean distance when segmenting complex
images. The compactness of SAID and Euclidean distance gave the same value for compactness.
Hence it was concluded that neither Euclidean nor SAID is the best distance measure. Therefore
an alternative distance measure that works well especially when segmenting complex images

with difficult foreground and background colour complexity was introduced.
3.4 Perceptual Algorithm - SLIC

The literature presents the SLIC algorithm as a popular choice because superpixels are produced
rapidly without compromising on segmentation accuracy, however, it has several limitations like
boundary adherence with larger superpixels and relies on local features like colour and coordinates
of pixels with high computational costs (Li et al., 2015; Shen et al., 2016; Ren and Reid., 2011).
Therefore, alternative superpixel segmentation algorithms in this thesis that better balance
crucial complexity trade-offs were introduced. The variants of the selected superpixel
segmentation algorithm were adapted and summarized in Algorithm 2 to reduce the spatial
compactness gap in superpixels. Which give a better perceptual outcome hence reducing the
under-segmentation errorwhen compared to the Euclidian distance measure. The original image is
inputted into the variants of the selected superpixel segmentation algorithm which performs a
local colour mean that partitions the original image into clusters that is, superpixels, which will
be used in capturing structural information; by segmenting the digital images into N segments.

Algorithm 1: Perceptual Colour Superpixel Algorithm

1: Initialize cluster centres Ck = [Ix; ax; bx; xk; yk]" by sampling pixels at regular grid
steps S.

: Perturb cluster centres in an n x n neighbourhood, to the lowest gradient position.

. repeat

: for each cluster Centred Ck do

- Assign the best matching pixels from a 2S x 2S square neighbourhood around
the cluster Centred according to the SAID distance measure (Eqg. 1).

: end for

7: Compute new cluster centres and residual error E{L1 distance between previous
centres and recomputed centres}

- until the E <threshold

: Enforce connectivity.

[op) O wnN

O
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3.5 Dataset
It is crucial to have ground truths when comparing image segmentation techniques to obtain any

measure of objectivity. The Berkley Segmentation 500 dataset was used for this study which
includes three digital image categories with 500 colour images that include humans, animals and
objects which are designed to be challenging consisting of both complex and homogenous
foreground and background colour similarity. This benchmark has become a standard for image
segmentation, over-segmentation and edge detection within the field of computer vision (Wang et
al., 2020). A boundary is defined as a change in pixel ownership from one object or surface to
another, which is referred to as an image contour (Martin et al., 2004).

The publicly available BSDS500 dataset (Shen et al., 2014; Arbelaez et al., 2010) as shown in
Table 1 is the most extensively used dataset for superpixel image segmentation. This dataset
includes three digital image categories with 500 images which include humans, animals, objects
outdoor scenes and landscapes. These images are designed to be challenging consisting of both
complex and homogenous foreground and background colour similarity. The dataset was
grouped into three subsections namely; overlapping, multiple, and complex images. The
challenge of showing that segmentation algorithms work to a sufficient level of performance is a
fundamental problem in the design of image processing algorithms. Algorithm testing has a dual
purpose. For starters, it allows you to evaluate an algorithm using either a qualitative or
quantitative way. Second, it provides a comparison of the method to other algorithms, providing
that the same criteria are applied (Wirth et al., 2006).

3.5.1 Human Images

The following human images were extracted from the Berkeley 500 segmentation dataset with
composite backgrounds. It’s easy to identify some objects within an image but difficult on others

due to the number of humans captured on the image and variations in the background making the

image blur.
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3.5.2 Animal Images

The following animal images were extracted from the Berkeley 500 segmentation dataset with
multifaceted backgrounds. It’s easy to establish the ground truth of some images but difficult
with others due to the variations in the background making it difficult to determine the type of

animal.
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3.5.3 Object Images

The following object images are extracted from the Berkeley 500 segmentation dataset with
complex backgrounds some of which are easily identifiable from the background whilst others are

unclear and contain multiple objects.
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3.6 Evaluation Metrics

In a variety of ways, the congruence between the final binary segmentation result and the ground
truth image can be evaluated. A segmentation algorithm's main purpose is to capture the object of
features in an image as precisely as possible. The efficacy of the given methodology must be
demonstrated for quality utilizing appropriate assessment criteria. The following measures were
used to assess the performance of the Perceptual Colour Superpixel Algorithm: segmentationerror
(UE), boundary recall (BR), achievable segmentation accuracy (ASA), compactness, and contour

density.

3.7 Chapter summary

The chapter presents a well-described step-by-step approach to achieve the set aim and objectives
proposed in this study. The variants of the selected superpixel segmentation algorithm
amalgamated the simple linear iterative clustering (SLIC) that performs a local clustering of pixels
in the 5-D space defined by the L, a, b values of the CIELAB colour model with the strong attribute
concurrence influence distances (SAID) while strikingly simple, it addresses the aforementioned

gap and produces high quality, compact superpixels.
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CHAPTER FOUR

RESULTS AND DISCUSSION

To achieve the third objective of this thesis, this chapter describes the analysis of experiments,
their outcomes, and their accompanying interpretations. The chapter begins with a discussion of
performance evaluation. Furthermore, the qualitative analysis of the superpixel image result is
presented for the animal, human, object categories. The suggested algorithm's performance is then

evaluated via quantitative analysis using well-known performance evaluation indicators.

4.1 Performance Evaluation
Image segmentation problems persist despite various solutions that have been proposed over the

years. The quality of dataset images is an issue that includes image blurring, additive noise, image
contrast, and lossy compression (Borel-Donohue and Young, 2019). Due to this challenge,
performance evaluation becomes a mandatory step in evaluating the performance for the variants
of the selected superpixel segmentation algorithm. As a result, the performance of the suggested

algorithm was evaluated qualitatively and quantitatively in this thesis.

Qualitative evaluation is performed to perceptually analyse the quality of the superpixel image
segmentation results based on the capacity to accurately segment the foreground object in an
image. While quantitative analysis uses evaluation metrics to assess the success of the image
segmentation algorithm, the qualitative analysis does not. Under-segmentation error, achievable
segmentation accuracy, compactness, boundary recall, and contour density were the five
assessment measures used in this thesis. These quantitative evaluation metrics have been explained

in detail in section 2.8 of this thesis.

According to the literature, substantial progress has been made towards resolving problems with
image processing in determining the distance between images. The most popular distance measure
used is Euclidean distance due to its simplicity and ease of use (Wang et al., 2005; Xia et al., 2007).
The SAID distance measure was compared to the extensively used Euclidean distance measure.
Despite its popularity and the range of applications it has been implemented on Euclidean
distance measure does not consider the spatial connection of pixels. The images processed using
Euclidean are distorted. According to Wesolkowski (1999), the Euclidean distance between two
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colours in RGB does not always match their perceptual separation therefore choosinga distance

measure that needs to quantify hue and saturation is preferred for processing colour images.

Although the cost of Euclidean distance is popular in literature it compromises the quality of
clustering which makes it a weak metric to apply for maximizing both the homogeneity within
each cluster and the heterogeneity between different clusters. SAID captures the background and
foreground much better than Euclidean using attributes uniformity, variance and entropy.
Subjective and objective approaches are two subcategories of the methodologies accessible for this
goal. Subjective evaluation is based on a human assessment of segmentation quality, while
objective evaluation is based on a perfect segmentation reference, also known as the ground truth.

Hence, the objective evaluation approach was adopted to prevent subjectivity.

4.2 Qualitative Evaluation for LAB Colour Model

An experiment using a sample of images from three categories namely animals, humans and
objects from the Berkley Segmentation 500 dataset were executed with Matlab and a comparison
of perceptual colour difference measure algorithm with the SAID distance measure and the SLIC
segmentation algorithm with the Euclidean distance measure of images between led to the

following results.

Table 4.1 shows the result of Superpixel Segmentation for 100 to 1000 pixels using SAID and
Euclideandistance measure. Perceptually SAID clusters are of evenly regular shapes and have
better boundary adherence when compared to Euclidean distance which also shows regular size
and shapes. SAID further shows better compactness avoiding over-smoothing hence preserving
objectboundaries. The qualitative analysis of images in Table 4.1 shows that perceptually, the

SAID distance measure achieved three key features:

a. Uniform superpixel size: As shown in Table 1 it can be seen that SAID partitioned the
images into a uniform pixel in size and shape hence, ensuring compactness in contrast to

the irregular pixel shape of Euclidean distance.

b. Smooth superpixel edge flow: The SAID distance measure, shows that the superpixel

boundaries correspond with image edges hence the superpixel displays straight smooth
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superpixel boundaries. However, the Euclidean distance measure did not give a smooth
boundary.

c. Superpixel connectivity The SAID distance measure, perceptually shows that each
superpixel represents a simply connected set of pixels while the Euclidean distance

measure produces some unconnected set of the pixel.

Table 4.1: Result of Superpixel Segmentation (100-1000 pixels) with SAID distance
measure

SAID 100 200 300 400 500 600 700 800 900 1000

Animal

Img 1

Img 2

Img 3

Img 4

Img 5

Img 6

Img 7

Img 8

Img 9
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Img 10

SAID

Human

Img 11

Img 12

Img 13

Img 14

Img 15

Img 16

Img 17

Img 18

Img 19

SAID

Obijects

Img 20

Img 21

Img 22
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Img 23

Img 24

Img 25

Img 26

Img 27

Img 28

In Table 4.2 the Euclidean distance measure presented fluctuating compactness for images 1,
2,9,16,19,25 with irregular boundary adherence for the other images. Furthermore, as it can be
seen in Table 4.2 it can be perceptually evaluated that there is the inaccuracy of superpixel
segmentation which leads to inconsistency of superpixel blocks for the Euclidean distance

measure.

Table 4.2: Result of Superpixel Segmentation (100-1000 pixels) with SAID and

Euclidean distance measure
EUC 100 200 300 400 500 600 700 800 900 1000

Animal
Img 1

Img 2

Img 3

Img 4
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Img 5

Img 6

Img 7

Img 9

Img 10

Img 11

EUC

200

300

400

500

600

800 900 1000

Human

Img 12

Img 13

Img 14

Img 15

Img 16

Img 17

Img 18
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Img 19

Img 20

Img 21

EUC

600

700

Obijects

Img 22

Img 23

Img 24

Img 25

Img 26

Img 27

Img 28

Img 29

Img 30

Img 31
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4.3 Quantitative Evaluation for LAB Colour Model
The objective assessment of image quality utilizing well-known performance metrics to evaluate
segmented images with the ground truth is referred to as quantitative performance evaluation. The
purpose of a quantitative evaluation is to guarantee that a segmentation algorithm's overall
performance is significant. This study considered five quantitative performance evaluation
metrics namely: Under-segmentation error, achievable segmentation accuracy, compactness,

boundary recall and contour density.

Figure 4.1 present an under-segmentation error, an essential metric that reveals errors made by
an algorithm while segmenting. Figure 4.1a depicts the under-segmentation error for
overlapping images with regular compactness; the result shows that the SAID distance measure

performed better than Euclidean (EUC) distance when segmenting.
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Figure 4.1a: Under-segmentation error against the number of superpixels for overlapping
images with regular compactness

However, Figure 4.1b depicts that SAID failed to capture salient image structure accurately for
overlapping images with irregular compactness. This could be as a result that the region is
ambiguous due to the irregularity of compactness. Hence EUC gave a better performance when

segmenting overlapping images with irregular compactness.
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Figure 4.1b: Under-segmentation error against the number of superpixels for overlapping
images with irregular compactness

Furthermore, Figure 4.2a corroborate the effectiveness of SAID as the presented result depicts
SAID outperforming Euclidean when segmenting complex images with regular compactness.
Complex images are with attributes such as images with irregularly shaped objects, complex

foreground and background colour complexity.
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Figure 4.2a: Under-segmentation error against the number of superpixels for complex images
with regular compactness
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However, Euclidean distance outperformed SAID for complex images with irregular
compactness as shown in Figure 4.2b.
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Figure 4.2b: Under-segmentation error against the number of superpixels for complex images
with irregular compactness

Contrary to Figures 4.1a and 4.2a, Figure 4.3a shows a different result which depicts Euclidean
outperforming SAID when segmenting multiple images with regular compactness. However,
Figure 4.3a corroborate Figure 4.3b as it further depicts that Euclidean distance captures the salient

object better than SAID while segmenting complex images with irregular compactness.
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Figure 4.3a: Under-segmentation error against the number of superpixels for multiple objects
images with regular compactness
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Figure 4.3b: Under-segmentation error against the number of superpixels for multiple objects

images with irregular compactness

Figure 4.4a presents the under-segmentation error metric when the object is at the Centred of the

image with irregular compactness superpixel, the experimental result shows that Euclidean

distance outperforms SAID.
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Figure 4.4a: Under-segmentation error against the number of superpixels for Centred object

images with regular compactness
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However, Figure 4.4b further shows the Euclidean outperforming SAID when segmenting Centred
object images with irregular compactness. Hence it means that the Euclidean distance is best suited

for images with Centred objects regardless of the regular or the irregular compactness.
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Figure 4.4b: Under-segmentation error against the number of superpixels for Centred object
images with irregular compactness

Consequently, further experiments were carried out for images with low contrast, Figure 4.5a and
Figure 4.5b shows a similar result of Euclidean distance performing better than SAID regardless
of the regular or the irregular superpixel compactness a contradiction to when the images were

viewed perceptually.
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Figure 4.5a: Under-segmentation error against the number of superpixels for low contrast
images with regular compactness

0,10
0,08
0,06
0,04

100 200 300 400 500 600 700 800 900 1000 1100 1200
Number of Superpixels

Under Segmentation Error

—8— SAID —#—EUC

Figure 4.5b: Under-segmentation error against the number of superpixels for low contrast
images with irregular compactness

Achievable segmentation accuracy (ASA) metrics that correctly label clusters are classified as
achievable accuracy. As the number of superpixels grows, an excellent ASA emerges. (Liu et al.,
2016). In Figure 4.6a SAID outperformed the Euclidean distance when segmenting images
overlapping objects with regular superpixel compactness. However, in Figure 4.6b Euclidean
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distance outperformed SAID with irregular superpixel compactness.
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Figure 4.6a: Achievable segmentation accuracy against the number of superpixels for
overlapping images with regular compactness
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Figure 4.6b: Achievable segmentation accuracy against the number of superpixels for
overlapping images with irregular compactness

In Figure, 4.7a SAID performed better than Euclidean distance when calculating the ASA for
complex images with foreground and background colour complexity for regular compactness.

Consequently, the reversal is the case in Figure 4.7b with irregular compactness as EUC
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outperformed SAID.

0,98
0,96
0,94
0,92
0,90
0,88

0,86

Achievable Segmentation Accuracy

0,84
100 200 300 400 500 600 700 800 900 1000 1100 1200

Number of Superpixels

—&— SAID —#—EUC

Figure 4.7a: Achievable segmentation accuracy against the number of superpixels for
complex images with regular compactness
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Figure 4.7b: Achievable segmentation accuracy against the number of superpixels for
complex images with irregular compactness

However, in Figures, 4.8a and 4.8b Euclidean distance performed better than SAID when
calculating the ASA for multiple object images regardless of the regular and irregular
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compactness.
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Figure 4.8a: Achievable segmentation accuracy against the number of superpixels for
multiple object images with regular compactness
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Figure 4.8b: Achievable segmentation accuracy against the number of superpixels for

multiple object images with irregular compactness

While experimenting with images with Centred objects for both regular and irregular compactness
as shown in Figures, 4.9a and 4.9b Euclidean distance performed better than SAID when
calculating the ASA.
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Figure 4.9a: Achievable segmentation accuracy against the number of superpixels for
Centred object images with regular compactness
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Figure 4.9b: Achievable segmentation accuracy against the number of superpixels for

Centred object images with irregular compactness

A further experiment was considered for images with low contrast considering the regular
and the irregular compactness. However, the same result was gathered as shown in Figures



4.10a and 4.10b, the Euclidean distance outperformed the SAID for the ASA performance
metrics.
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Figure 4.10a: Achievable segmentation accuracy against the number of superpixels for
low contrast images with regular compactness
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Figure 4.10b: Achievable segmentation accuracy against the number of superpixels for
low contrast images with regular compactness

Compactness is a metric that helps cluster digital images with similar sizes, thus aiding
high perceptual boundaries of clustered images and favouring superpixels overlapping
with only a single object (Schick et al., 2014). Figures 4.11a to 4.15b shows that SAID

and Euclidean distance has equal compactness metric values for images with overlapping,
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multiple, complex, Centred and low contrast images. However, the trade-off for

compactness for Euclidean distance is boundary adherence.
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Figure 4.11b: Compactness against the number of superpixels for overlapping images
with irregular compactness
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Figure 4.12a: Compactness against the number of superpixels for complex images
with regular compactness
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Figure 4.12b: Compactness against the number of superpixels for complex images
with irregular compactness
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Figure 4.13a: Compactness against the number of superpixels for multiple object images
with regular compactness
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Figure 4.13b: Compactness against the number of superpixels for multiple object
images with irregular compactness
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Figure 4.14a: Compactness against the number of superpixels for Centred object images
with regular compactness
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Figure 4.14b: Compactness against the number of superpixels for Centred object
images with irregular compactness
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Figure 4.15a: Compactness against the number of superpixels for low contrast images
with regular compactness
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Figure 4.15b: Compactness against the number of superpixels for low contrast images
with irregular compactness

As shown in Figures 4.16a to 4.20a, Euclidean offers better boundary recall than SAID with regular
compactness. However, it is worth noting that Euclidean doesn't require its superpixels to be
compact, allowing it to better catch the edges of thin, non-compact regions (Levenshtein et

al.,
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2009). However, for Figures 4.16b to 4.20b, SAID gave a better performance when compared with
Euclidean distance for images with irregular compactness.
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Figure 4.16a: Boundary recall against the number of superpixels for overlapping
images with regular compactness
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Figure 4.16b: Boundary recall against the number of superpixels for overlapping
images with irregular compactness
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Figure 4.17a:
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Figure 4.17b: Boundary recall against the number of superpixels for complex images

with irregular compactness
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Figure 4.18a: Boundary recall against the number of superpixels for multiple object
images with regular compactness
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Figure 4.18b: Boundary recall against the number of superpixels for multiple object
images with irregular compactness
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Figure 4.19a: Boundary recall against the number of superpixels for Centred object
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Figure 4.19b: Boundary recall against the number of superpixels for Centred object

images with irregular compactness
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Figure 4.20a: Boundary recall against the number of superpixels for low contrast
images with regular compactness
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Figure 4.20b: Boundary recall against the number of superpixels for low contrast
images with irregular compactness

Contour density was used to measure border adherence to avoid intentionally overestimating
boundary recall. Figures 4.21a to 4.25a show that the contour density of SAID is more stable and

outperformed for the given number of superpixels, that is 100 to 1200 when compared to
Euclidean
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distance. The opposite can be observed when Euclidean distance is compared with SAID in Figures
4.21b to 4.25b. EUC is more stable than SAID while segmenting images with irregular

compactness because EUC traded boundary adherence with compactness
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Figure 4.21a: Contour density against the number of superpixels for overlapping
images with regular compactness
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Figure 4.21b: Contour density against the number of superpixels for overlapping
images with irregular compactness
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Figure 4.22a: Contour density against the number of superpixels for complex images
with regular compactness

0,45
0,40
0,35
0,30
0,25
0,20

Contour Density

0,15
0,10
0,05

0,00
0 200 400 600 800 1000 1200

Number of Superpixels

—8— SAID ——EUC

Figure 4.22b: Contour density against the number of superpixels for complex images
with irregular compactness
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Figure 4.23a: Contour density against the number of superpixels for multiple object
images with regular compactness
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Figure 4.23b: Contour density against the number of superpixels for multiple object
images with irregular compactness
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Figure 4.24a: Contour density against the number of superpixels for Centred object
images with regular compactness
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Figure 4.24b: Contour density against the number of superpixels for Centred object
images with irregular compactness
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Figure 4.25a: Contour density against the number of superpixels for low contrast
Images with regular compactness
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Figure 4.25b: Contour density against the number of superpixels for low contrast
images with irregular compactness



In comparison to the variants of the selected superpixel segmentation algorithm, SLIC with
Euclidean distance measure has a lot of opportunity for improvement on all five

performance evaluation metrics, especially when segmenting complex images.

4.4 Quantitative Evaluation for HSV Colour Model

The under-segmentation error, shown in Figure 4.26, is a key evaluation metric that identifies
algorithmic segmentation flaws. The under-segmentation error for overlapping images with
regular compactness is shown in Figure 4.26a; the result reveals that the SAID distance measure

and the Euclidean (EUC) distance performed equally when segmenting.
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Figure 4.26a: Under-segmentation error against the number of superpixels for overlapping
images with regular compactness

Figure 4.26b, on the other hand, shows that SAID struggled to accurately detect salient image
structure for overlapping images with irregular compactness. As a result of the irregularity of
compactness, the region may appear unclear. As a result, while segmenting overlapping images
with irregular compactness, EUC performed better.
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Figure 4.26b: Under-segmentation error against the number of superpixels for overlapping
images with irregular compactness

Similarly, Figure 4.27a confirms that SAID and Euclidean performed equally well when
segmenting complicated images with regular compactness, as shown in Figure 4.26a. Images
featuring irregularly shaped objects, complicated foreground and background colour complexity

areexamples of complex images.
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Figure 4.27a: Under-segmentation error against the number of superpixels for complex images
with regular compactness
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However, as presented in Figure 4.27b, Euclidean distance outperformed SAID for complex

images with irregular compactness.
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Figure 4.27b: Under-segmentation error against the number of superpixels for complex images
with irregular compactness

Furthermore, when segmenting multiple images with regular compactness, Figure 4.28a displays

a consistent result that illustrates Euclidean distance at par SAID. Figure 4.28b, on the other hand,

illustrates that when segmenting complex images with irregular compactness, Euclidean distance

catches the conspicuous object better than SAID.
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Figure 4.28a: Under-segmentation error against the number of superpixels for multiple object
images with regular compactness
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Figure 4.28b: Under-segmentation error against the number of superpixels for multiple object
images with irregular compactness

When the object is in the Centred of the image with irregular compactness superpixel, Figure 4.29a
displays the under-segmentation error metric. The experimental result demonstrates that Euclidean

distance performed similarly well as SAID.
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Figure 4.29a: Under-segmentation error against the number of superpixels for Centred object
images with regular compactness
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Figure 4.29b, on the other hand, indicates that when segmenting Centred object images with

irregular compactness, the Euclidean outperforms SAID.
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Figure 4.29b: Under-segmentation error against the number of superpixels for Centred object
images with irregular compactness

As a result, more experiments were carried out for low-contrast images; Figure 4.30a shows
Euclidean distance and SAID at par. Figure 4.30b, on the other hand, indicates that Euclidean
distance outperformed SAID for irregular superpixel compactness, even though the images were

seen perceptually during the qualitative analysis favours SAID.
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Figure 4.30a: Under-segmentation error against the number of superpixels for low contrast
images with regular compactness
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Figure 4.30b: Under-segmentation error against the number of superpixels for low contrast
images with irregular compactness

89



In Figure, 4.31a SAID and Euclidean distance was of equal performance when segmenting images
overlapping objects with regular superpixel compactness. However, in Figure 4.31b Euclidean

distance outperformed SAID with irregular superpixel compactness.
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Figure 4.31a: Achievable segmentation accuracy against the number of superpixels for
overlapping images with regular compactness
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Figure 4.31b: Achievable segmentation accuracy against the number of superpixels for
overlapping images with irregular compactness

When computing the ASA for complex images with foreground and background colour
complexity for regular compactness, Figure 4.32a depicts that SAID and Euclidean distance
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performed equally well. As a result, as seen in Figure 4.32b, the reversal occurs with irregular

compactness, as EUC outperforms SAID.
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Figure 4.32a: Achievable segmentation accuracy against the number of superpixels for
complex images with regular compactness
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Figure 4.32b: Achievable segmentation accuracy against the number of superpixels for
complex images with irregular compactness

However, in Figure, 4.33a Euclidean distance was at par with SAID when calculating the ASA

for multiple object images regardless of the regular and irregular compactness. However, in Figure
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4.33b EUC outperforms SAID
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While experimenting with images with Centred objects for regular compactness Figures, 4.34a
depicts that Euclidean distance and SAID performance was at par when calculating the ASA
However, for irregular compactness, as shown in Figures 4.34b Euclidean distance performed
better than SAID when calculating the ASA.
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Figure 4.34a: Achievable segmentation accuracy against the number of superpixels for
Centred object images with regular compactness
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Figure 4.34b: Achievable segmentation accuracy against the number of superpixels for
Centred object images with irregular compactness
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A further experiment was considered for images with low contrast considering the regular

compactness. The result presented in Figures 4.35a depicts that SAID and Euclidean

distance performed equally. However, as shown in Figures 4.35b, the Euclidean distance

outperformed the SAID with irregular compactness for the ASA performance metrics.
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Figure 4.35a: Achievable segmentation accuracy against the number of superpixels for
low contrast images with regular compactness
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Figure 4.35b: Achievable segmentation accuracy against the number of superpixels for
low contrast images with regular compactness
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For images with overlapping, multiple, complex, centre, and low contrast images, SAID and
Euclidean distance has comparable compactness metric values, as shown in Figures 4.36a to 4.40b.

However, boundary adherence is a trade-off for Euclidean distance compactness.
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Figure 4.36b: Compactness against the number of superpixels for overlapping images
with irregular compactness
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Figure 4.37a: Compactness against the number of superpixels for complex images
with regular compactness
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Figure 4.37b: Compactness against the number of superpixels for complex images
with irregular compactness
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Figure 4.39a: Compactness against the number of superpixels for Centred object images
with regular compactness
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Figure 4.39b: Compactness against the number of superpixels for Centred object
images with irregular compactness
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Figure 4.40a: Compactness against the number of superpixels for low contrast images
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Figure 4.40b: Compactness against the number of superpixels for low contrast images

with irregular compactness

1500

1500

With regular compactness, Euclidean offers a slightly higher boundary recall than SAID, as

illustrated in Figures 4.41a to 4.45b. It is worth noting, though, that Euclidean's superpixels do not

have to be compact, allowing it to better catch the borders of thin, non-compact regions
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(Levinshtein et al., 2009).
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Figure 4.41a: Boundary recall against the number of superpixels for overlapping
images with regular compactness
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Figure 4.41b: Boundary recall against the number of superpixels for overlapping
images with irregular compactness
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Figure 4.42a: Boundary recall against the number of superpixels for complex images
with regular compactness
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Figure 4.42b: Boundary recall against the number of superpixels for complex images
with irregular compactness
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Figure 4.43a: Boundary recall against the number of superpixels for multiple object

images with regular compactness
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Figure 4.43b: Boundary recall against the number of superpixels for multiple object
images with irregular compactness
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Figure 4.44a: Boundary recall against the number of superpixels for Centred object
images with regular compactness
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Figure 4.44b: Boundary recall against the number of superpixels for Centred object
images with irregular compactness

103



0,12

0,10

0,08

0,06

Boundary Recall

0,04
0,02

0,00
0 200 400 600 800 1000 1200
Number of Superpixels

—8—SAID —@—EUC

Figure 4.45a: Boundary recall against the number of superpixels for low contrast
images with regular compactness
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Figure 4.45b: Boundary recall against the number of superpixels for low contrast
images with irregular compactness

Figures 4.46a to 4.50b shows that the contour density of EUC is more stable and outperformed
SAID for the given number of superpixels, that is 100 to 1200 for both regular and irregular

compactness when segmenting images with overlapping, multiple, complex, Centred and low
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contrast objects.
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Figure 4.46a: Contour density against the number of superpixels for overlapping
images with regular compactness
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Figure 4.46b: Contour density against the number of superpixels for overlapping
images with irregular compactness
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Figure 4.47a: Contour density against the number of superpixels for complex images
with regular compactness
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Figure 4.47b: Contour density against the number of superpixels for complex images
with irregular compactness
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Figure 4.48a: Contour density against the number of superpixels for multiple object
images with regular compactness
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Figure 4.48b: Contour density against the number of superpixels for multiple object
images with irregular compactness
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Figure 4.49a: Contour density against the number of superpixels for Centred object
images with regular compactness
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Figure 4.49b: Contour density against the number of superpixels for Centred object
images with irregular compactness
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Figure 4.50a: Contour density against the number of superpixels for low contrast
images with regular compactness
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Figure 4.50b: Contour density against the number of superpixels for low contrast
images with irregular compactness
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4.5 Chapter Summary

Chapter four examines the variants of the selected superpixel segmentation algorithm. This chapter
presents the examination of experiments, their outcomes, and their related interpretations to realize
the third goal of the study. The chapter begins with a discussion of performance evaluation.
Furthermore, the qualitative analysis of the superpixel image result is presented for the animal,
human, object categories. The variants of the selected superpixel segmentation algorithm
performance are then evaluated using quantitative analysis using well-known performance

evaluation indicators.
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CHAPTER FIVE

SUMMARY AND CONCLUSIONS

This chapter reflects on the entire study summarizing the work completed, identifying the research
gap and reports on the exceptional contributions of this study. The thesis concludes with possible

research recommendations and future developments based on this study.

5.1 Summary

The overall goal of this research was to test a new saliency segmentation algorithm to increase the

effectiveness of the perceptual colour difference saliency approach and colour picture

segmentation performance. The research goal has been met to achieve the following objectives.
1. To comprehensively review the relevant primary studies based on the existing superpixel

image segmentation algorithms.

The first objective comprehensively reviewed relevant publications based on superpixel
segmentation algorithms which are presented in Chapter two of this study. Chapter two
presented a comprehensive review of literature which is divided into eight sections
beginning with the first presenting the digital image segmentation setting and going on to
present the non-superpixel image segmentation which includes edge-based and region-
based image segmentation while the third section emphasized superpixel segmentation.
The fourth section presents statistical data analysis through meta-analysis to guide us in
the best approach for image segmentation based on literature. The fifth and sixth section
discusses the clustering algorithms and distance measure for image segmentation. The
seventh section discusses colour models and finally, the last section presents the
performance evaluation that will be used in measuring the performance of the variants of

the selected superpixel segmentation algorithm across two colour models.
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2. To experiment with the variants of a selected superpixel image segmentation algorithm
realised by utilising the strong attribute concurrence influence distance and Euclidean

distance in two colour models.

The Matlab programming environment was used to implement the variants of the selected
superpixel image segmentation algorithm that were used to experiment with a sample of
images collected from the Berkeley 500 dataset. The images presented complicated
backgrounds. These included the following categories of images Human, Animal and
Objects. The variants of the superpixel image segmentation algorithms incorporated the
selected SLIC algorithm that performed local clustering of pixels in the 5-D space defined
by L, a, b values of the CIELAB colour model with SAID to address the gap and produced

high-quality compact superpixels.

3. Tocompare the performances of variants of the selected superpixel segmentation algorithm

based on the standard superpixel evaluation measures.

A quantitative performance evaluation was completed using under-segmentation error,
Achievable segmentation accuracy, compactness, boundary recall and contour density with
under-segmentation error as a vital metric that reveals errors made by an algorithm while
segmenting. The use of SAID in the perceptual colour segmentation algorithm gave a better
performance when compared with SLIC with Euclidean distance measure for overlapping
and complex images with regular compactness while considering under segmentation
algorithm achievable segmentation accuracy and contour density. However, for boundary
recall, the perceptual colour segmentation algorithm outperformed SLIC for overlapping
and complex images with irregular compactness. Although looking at the superpixel
segmented images perceptually the variants of the selected superpixel segmentation
algorithm seems to outperform SLIC however while evaluating quantitatively the
compactness of the variants of the selected superpixel segmentation algorithm and SLIC

are the same.
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5.2 Future Work

Despite significant progress in the field of superpixel image segmentation, there is always room
for improvement in the field of image processing as a whole. The researcher outlines a few of the
many exciting future work that will provide numerous applications and extensions using the
preliminary version of the suggested perceptual colour superpixel algorithm in this study. The
following studies, in the opinion of the researcher, are worth continuing.
1. The variants of the selected superpixel segmentation algorithm can be extended by trying
a different variation of distance measures to improve the compactness of superpixel
image segmentation.
2. The variants of the selected superpixel segmentation algorithm can also be validated on
more challenging application areas such as video images.
3. The computational cost of the variants of the selected superpixel segmentation algorithm

can also be improved.

5.3 Conclusion

This study has presented superpixel compactness of perceptual colour difference segmentation for
digital images which is aimed to investigate the performance of an attribute concurrence influence
distance metric on image compactness in a superpixel segmentation algorithm. The SAID distance
measure was benchmarked with the Euclidean distance measure as distance metrics in the selected
superpixel segmentation algorithm using the BSD500 dataset across two colour models of LAB
and HSV. The experiment used LAB and HSV colour models. The results presented for the LAB
colour model concluded that SAID outperformed Euclidean distance for images with overlapping
and complex objects with regular compactness across the under segmentation error, achievable
segmentation accuracy and contour density performance evaluation metrics except for boundary
recall. However, Euclidean distance performed better than SAID for images with multiple, Centred
and low contrast objects with regular compactness across the under segmentation error,
achievable segmentation accuracy, boundary recall and contour density performance evaluation
metrics. Consequently, for irregular compactness SAID further outperformed Euclidean distance
forimages with overlapping, complex, multiple, Centred and low contrast objects for boundary
recall performance evaluation metrics, however, for under segmentation error, achievable

segmentation
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accuracy and contour density Euclidean distance performed better than SAID. Furthermore, the
compactness performance metrics for SAID and Euclidean distance gave the same compactness
value for both regular and irregular compactness.

Consequently, based on the result analysis for the HSV colour model SAID and
Euclidean distance performance with regular compactness was at par across all the performance
evaluation metrics used for images with overlapping, complex, multiple, centred andlow contrast
objects. However Euclidean distance outperformed SAID with irregular compactnessfor images
with overlapping, complex, multiple, centred and low contrast objects. Finally, while several
algorithms have acceptable under segmentation error and boundary recall, they lack control over
the number of superpixels and a compactness parameter. As a result of this research, variantsof
the selected superpixel segmentation algorithm has been experimented with and presented as an

alternative to the well-known SLIC superpixel segmentation techniques.
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