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ABSTRACT

This thesis is concerned with using machine learning algorithms for the analysis of different image
modalities for the presence of abnormal features or shapes. This challenge appears in various crucial
computer vision applications in science, engineering, medicine, and art. Different image modalities
abnormal features/regions are often very specific to the applications, the capturing tools, and the
subjects of the scenes that were captured. The appearance of certain types of feature abnormalities often
indicates potentially serious faulty defects in the imaged objects. We only consider two applications:
Inspecting cracks in building materials such as glass fagades and concrete surfaces using digital camera
images and determining irregularity properties of tumour lesion borders from ultrasound (US) scan
images. In the first case, abnormalities appear as cracks that could endanger life and infrastructure. At
the same time, irregularity of the tumour border, which is highly correlated to the malignancy of the

tumour, could reduce the patient's recovery chances if not recognised/treated early.

Image abnormalities could be manifested by unexpected textural changes in the region of interest or by
shape changes of the object(s) of interest. In the case of glass/concrete cracks, human inspectors can
easily look out for visible discontinuities in image intensities that are not related to shadows or
reflections, but there is a shortage of experienced inspectors for high-rise buildings. Recognising tumour
border irregularity in US images conducted by expert sonographers, with many years of clinical
training, by observing the overall contour shape of the lesion besides taking into account changes to
tissue texture profile surrounding the border. In this thesis, we exploit advances in machine learning to
develop Al algorithms that help trigger timely actions to remedy building facades faults and support
diagnostic decisions for surgery or treatment of cancer patients. We mostly adopted handcrafted feature
algorithms but conducted limited experiments on deep learning CNN models, if only to test their

viability. The black-box nature of CNN models makes them less attractive for clinical use.

The main difficulties faced, at least initially, that required improvisation includes (1) very limited work
in the literature that dealt with a reasonably similar task to those investigated in this thesis, (2) the non-
existence of sufficiently large datasets readily useable for developing our Al schemes, and (3) the lack
of clear commonly agreed meaning/descriptors of normality/abnormalities of image objects. For each
of these items, the degree of difficulty is not the same in the 2 cases. Furthermore, what works for the
building fagade problem may not be applicable to the other. Besides differences in image modalities,
for the building facade case, many suspect objects may be found in a single image, while the second

case requires segmenting a single tumour object.

Glass datasets were formed using commercially available drones and collected through Google search.
Suspect crack segments were extracted using a state-of-the-art edge detector, and for the development

of Al methods, we defined somewhat innovative feature vectors representation of otherwise well-



understood concepts of linearity, curvature, or connected pixel configuration information. For an
alternative approach, common texture features such as Uniform Local Binary Pattern (ULBP) and
Histogram of Oriented Gradients (HOG) were extracted and analysed in addition to testing the viability
of using CNN models. These methods achieved accuracies ranging from 70% using the Histogram of
Linearity (HOL) on the low-resolution glass crack dataset and 99% using CNN models on the concrete
crack dataset. ULBP achieved 95% on the high-resolution dataset when images were partitioned, and
HOG achieved the highest accuracy of 98% on the concrete dataset. A prototype tool for crack

recognition from pre-recorded videos demonstrated the efficacy of the handcrafted feature models.

For nodule border irregularity, two datasets of thyroid cancer US images are collected from a hospital
in China. We avoided the burden of accurate manual or automatic border segmentation by estimating
the border via bi-cubic spline interpolation from a relatively small amount of Region of Interest (ROI)
points marked by radiologists. Again, two approaches for designing the sought-after Al schemes are
adopted: (1) using geometric features representation of lesion interpolated border morphology, and (2)
texture analysis on image data in ribbons of different sizes around the interpolated borderline. For the
first approach, several Al methods were developed using distance functions between border and normal
reference shapes (e.g. ellipse, gaussian, and convex hull fitted/built from the interpolated border points,
as well as convex hull corners fitted ellipse). The distances functions were analysed in the
spatial/frequency domain or by Topological Data Analysis (TDA). An innovative method inspired by
Fractal Dimensions (FD) was designed that measures border perimeter at different scales. The second
approach involved texture analysis of LBP, HOG, and HOL features that were extracted from sectorized
border ribbons. We also tested the viability of using two CNN architectures in transfer learning modes.
Unlike the first case study of building fagade abnormality analysis, the methods based on the
morphological features of the interpolated border performed significantly better than texture analysis in
border ribbons, with FD inspired method achieving the highest accuracy of 86% on internal testing,
followed by distances from the fitted ellipse from convex hull corners with an accuracy of 88% on
external testing. Among the texture analysis-based methods, the sector-wise ribbon-based ULBP
performed the best, with an accuracy of 72% and 77% on internal and external testing, followed by
HOG, while HOL did not give satisfactory results. The deep learning model achieved higher accuracy
of 89% on internal testing but a lower accuracy on external testing of 84%. Finally, various methods
from both approaches are combined using decision/score level fusion schemes and a decision tree (DT).
Most schemes improved the performances of different significance, with score level fusion giving the
best overall accuracy of 90%, 92%, and 96% on internal, external and external testing with agreed class

labels between different radiologists.
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Chapter 1: Introduction

Recent rapid advances in machine Learning (ML) and artificial intelligence (AI) coupled with a
reasonably affordable variety of imaging sensors that could be deployed onboard fixed or mobile robotic
devices have resulted in deploying of a growing number of automatic image processing and analysis
applications in different areas such as inspection, security, and medical diagnostics. The more success
is achieved in such applications, the more opportunities and challenges emerge for automatic image
analysis tasks carried out manually by highly trained experts, perhaps conducted in risky environments
or inaccessible sites. For example, new opportunities in relation to the deployment of image
processing/analysis in hazardous environments such as fires and disaster incidents are a growing area
of research interest. Similarly, due to a shortage of expert clinicians/and radiologists, urgent needs have
emerged to use Al algorithms to analyse various medical images to support diagnostics decision-
making. Such image analysis tasks involve detecting or recognizing certain characteristics of regions
or objects of interest in images or real-time recorded videos. This thesis is concerned with automating
the recognition of abnormal shapes that could be associated with faults/defects/diseases of the imaged
object(s) of interest. These types of tasks include but are not limited to the recognition of broken glass
in the facade of high-rising buildings, dangerous cracks in concrete slaps of buildings or bridges,
cracks/damages in solar cells, or irregularities of tumour mass boundary correlated with cancer
malignancy. The time complexity, cost, and personal risk factors of such tasks, besides shortages in
highly skilled workers and/or highly trained specialized radiologists, are the main incentive for

developing Al algorithms for such challenging image analysis schemes.

Thus the thesis aims to automate the recognition of abnormal shapes in images in three applications:
recognition of broken glass in the fagade of high-rising buildings, cracks in the concrete surfaces of
buildings, and irregularities of tumour mass boundaries. This chapter presents the problem domain and
motivations and identifies the research gap. Then, it presents this study's aim, objectives, and

contributions. Finally, an overview of the thesis structure is presented.

1.1 Problem Statement

Abnormal defects that appear on the surface of different building materials, such as glass facades,
concrete, metal plates etc., can be captured by photography with digital cameras and used as indicators
of deterioration of material quality or defects. On the other hand, detecting abnormalities (or variations)
in medical images of body tissues/organs (e.g., ultrasound (US) tumour scans) also provides helpful
indicators of the presence/absence of different diseases or state of disease progression. In all cases,
abnormal artefacts are manifested as abnormalities in the texture patterns of the corresponding image
modalities. Hence, the problem is a typical case of image texture analysis in the search for deviations

from specific expected structures. For detecting cracks in a glass panel, the analysis must distinguish



non-crack image shapes related to naturally appearing reflections/shadows of nearby buildings/trees.
To detect abnormality in the border of scanned tumours, we need to be able to translate the established
medical knowledge used in distinguishing irregular borders from regular ones relevant to the examined
disease. Texture abnormalities/variations in images from different sources are important characteristics
for object recognition and classification. Consequently, our approach will examine existing knowledge
of image texture features and, if necessary, modify and/or develop new innovative abnormal texture
feature indicators. The essential requirement for investigating its relevance to our tasks should be
amenable to Al analysis, i.e., it must have some reasonable discriminating powers that can be

determined automatically.

This thesis investigates and analyses textures that appear in different image modalities. We shall focus
on typical application-oriented case studies: (1) natural images of building material in the search for
faulty material defects and (2) medical US tumour scan images to assess lesion border. Several Al-
based methods for both building material and medical US image assessments/classifications are

proposed, and their performances are compared.

This thesis's first case study components are designed to assess RGB images of glass panels and
concrete surfaces for possible cracks, especially in highly risky sites. Automatically recognizing these
cracks results in a safe marking of locations of material defects and can save construction companies a
lot of time and money. For glass crack recognition, we aim mainly to develop an automatic crack
recognition method for the assessment of the glass fagade of high buildings such as skyscrapers (see
Figure.1.1). Such systems are essential since any damage to the building's outer decorations could put
the pedestrians on the streets below into a risk. Furthermore, manual inspections of the glass facade of
such high buildings are time-consuming and cost a lot of money besides putting risks on the workers.
The biggest challenge for developing such automatic systems is, though, the appearance of other objects
on the surface of the glass panels beside the actual cracks. These objects can easily confuse any possible
computer vision-based methods for recognizing cracks and other damages. The appearance of these
objects on the glass surface is caused by a high number of reflections coming from objects such as trees,
clouds, and opposite buildings. Other artefacts, such as the appearance of objects inside the building
through the transparent glass panels or dirt and weathering, can also be found on the building's facade.
Furthermore, some of the building's fagade glass have carvings and can appear as different textures on
the RGB images and therefore be confused with the actual cracks. All these artefacts can affect the

image qualities and reduce the performance of any automatic crack recognition methods.
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(a) High building with a glass facade [1]. (b) Shanghai tower [2].

Figure 1.1: High building glass fagade.

In contrast to glass panels, there are no reflections on concrete surfaces, but many types of artefacts,
such as dirt, holes, paints, and uneven surfaces beside the cracks. The cracks on the concrete differ in
nature from those on the glass surfaces. While the number of glass cracks tends to be high, and in some
types of glasses all over the place, there are often few cracks, and most of the time, only one massive
crack on the concrete surfaces (see Figure 1.2). A further challenge facing computer vision-based
solutions for such crack recognition tasks is the variations in image illuminations caused by taking the

photos at different daytimes and weathers.

Figure 1.2: Glass and concrete cracks [3], [4].

To the best of our knowledge, no works have been reported for the recognition of the building's glass
fagade cracks. Few works on glass crack assessment in production have been reported; however, these
images are taken under ideal illumination where no reflections are visible. On the contrary, many works
are reported for recognising defects, including cracks in other building materials such as concrete,
asphalt, and mortar. The current work will investigate a generic approach using traditional ML and deep

learning methods for crack recognition and evaluate them on glass fagades and concrete surfaces.

The second case study of this work covers investigating several techniques relating to certain aspects
of cancer characteristics recognition. More specifically, we investigate border irregularities of the
thyroid cancer nodules using different texture and shape analysis methods. The irregularity of the border

of the cancer lesions is one of the signs contributing to the doctor's decision on the malignancy of the



nodule. Many screening modalities, such as Magnetic Resonance Imaging (MRI), Computerized
Tomography CT scan, X-ray, Ultrasound (US) etc., exist for cancer diagnostics. MRI, CT-scan, and X-
ray all use electromagnetic waves, which may affect the body if it is exposed to radiation for so long or
so often. In contrast, US imaging systems use harmless sound frequencies reflected from the tissues
inside the body to build real-time images. They are also more affordable and simpler to operate on,
making them popular in numerous medical examinations, including the diagnosis of cancer. However,
due to the distinctive nature of the US images, their analysis is quite challenging for Al-based methods
in opposite to natural image modalities. There is a perception that ultrasound images are of poor quality
even though comparing US image quality may not follow the usual human vision characterization of

natural images.

(@) (b)
Figure 1.3: (a) Regular and (b) Irregular thyroid cancer nodule borders. (Red dots are ROI points).

Determining the border of a tumour is ideally done by an appropriately reliable tumour segmentation
method which is a very challenging task. Therefore, it would be helpful if medical experts (or other
trained persons) could highlight the region of interest by marking a finite number of Region of Interest
(ROIJ) points on the tumour border (see Figure. 1.3). However, how accurate is the marked ROI points
depends on the radiologist's experience, and it is a subjective process. Thus, ML-based methods can
support radiologists and increase efficiency in cancer diagnosis. Another challenge is the limited
availability of sufficiently large medical datasets. There are very few publicly available datasets;
obtaining new datasets is challenging due to patients' privacy concerns and the difficulties in obtaining
their consent. Another more serious challenge is the difficulty of obtaining the "standard ground truth"
for the samples in the datasets that trained medical experts can agree on. In other words, high inter and
intra-observer variations in describing the lesion characteristics in US images make the development

and assessment of the performance of the Al algorithms challenging.

1.2 Aims and Objectives

This research aims to develop Machine Learning (ML) solutions for object abnormality classifications
in visual images in two application domains. The first application domain covers the assessment of
building materials for damages such as glass and concrete cracks, while the second involves the
assessment and analysis of US cancer images for lesion border irregularity recognition. We aim to

develop Al methods that utilize existing commonly used features for texture analyses and invent new
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innovative features specific to abnormality recognition in the application domain. For crack recognition,
we seek certain features that discriminate the crack's characteristics from other objects/structures found
on the surface of construction materials. In the case of the cancer signs (nodule border irregularity), we
aim to identify discriminative texture features or shape descriptors already used in other application
domains or invent new ones for irregularity recognition and assessment. In developing any Al-based
method for border irregularity of the cancer lesion, the accurate border must be segmented, or a proper
segmentation method needs to be developed, which is not in the scope of this thesis. Therefore, the ML
method for border irregularity recognition needs to rely on the rather few ROI points made by
experienced doctors to mark the border of the lesion. This will require developing methods for border
approximation from ROI points before any border irregularity assessments can be conducted. With

these in mind, this work aims toward the following objectives:

- To survey and understand the state-of-the-art geometrical and textural features for object
abnormality recognition in general, cracks in building material, and nodule border irregularity
in particular.

- To develop generic computer vision-based methods for automatic crack recognitions in both
building's glass facade and concrete surfaces.

- To search for publicly available datasets and collect and process new sufficient glass and
concrete crack datasets with class label annotations to evaluate the proposed methods for crack
recognition.

- To demonstrate the viability of the proposed methods in a software prototype for automatic
crack recognition.

- To survey and investigate existing methods for recognising irregularity signs in thyroid cancer
from US images and related works.

- To develop methods for borderline approximation and border irregularity recognition.

- To visualize irregular regions on the border of the thyroid cancer lesions.

- To develop evaluation protocols appropriate for evaluating various proposed methods and
testing scenarios.

- To investigate the performance of the proposed methods and provide a summary of

recommendations and future directions.

1.3 Contributions

The research work in this thesis achieved the following contributions, which we divided into two parts

as follows :



Glass and Concrete Crack Recognition:

1-

Two novel methods for crack recognition are proposed based on histograms of linearity (HOL)
and Histogram of Curvature indicators (HOC).

We developed a block-wise texture feature-based method for crack recognition by adapting the
proposed methods of HOL and HOC and the commonly used texture features of HOG and
ULBP.

Two deep learning-based methods are proposed for glass and concrete crack recognition and
compared with traditional ML methods.

Three datasets of glass fagades were collected using a drone and Google search and cropped
and annotated manually.

A prototype application for crack recognition is developed to demonstrate the feasibility of the

proposed methods in detecting cracks in glass fagades.

Peer-Reviewed Publications:

1.

F. Mohammad, A. AlZoubi, D. Hongbo, and S. Jassim, “Automatic glass crack recognition for
high building fagade inspection,” in Mobile Multimedia/Image Processing, Security, and
Applications 2020, Online Only, United States, May 2020, p. 32. doi: 10.1117/12.2567409.

F. Mohammad, A. AlZoubi, H. Du, and S. Jassim, “A generic approach for automatic crack
recognition in buildings glass facade and concrete structures,” in Thirteenth International
Conference on Digital Image Processing (ICDIP 2021), Singapore, Singapore, Jun. 2021, p.
70. doi: 10.1117/12.2601061.

Border Irregularity Recognition of Thyroid Cancer Lesion:

1-

A novel method for cancer lesion borderline approximations from the ROI points using cubic
spline interpolation and two methods for sampling the new borderline points are proposed.
New methods for border irregularity recognition are proposed based on distances of
approximated borderline to several reference shapes, such as a fitted ellipse, a Gaussian shape,
a convex hull, and a fitted ellipse from the convex hull.

Proposed a novel method inspired by Fractal Dimensions (FD) based on the perimeter of the
nodule measured at different scales and a fitted ellipse for border irregularity recognition.

We developed two novel methods for border irregularity recognition based on border distance
analysis using TDA and FFT spectrum number of spikes.

A new simple iterative classifier is developed to evaluate single feature-based methods such as

FD-inspired and FFT-based methods.



Two methods are proposed based on analysing pixel intensities in ribbon sectors around the
lesion's border by adopting common LBP and HOG features.

Decision and score level fusion and decision tree (DT) based decision mining is proposed to
combine decisions of various proposed methods for lesion border irregularity recognition.
Several evaluation protocols are developed for testing the proposed methods. The protocols aim
to select the best-performing model for external testing.

Methods based on Convolutional Neural Networks (CNN) using transfer learning by fine-
tuning for thyroid cancer irregularity recognitions are developed and compared with our

proposed hand-crafted feature-based methods.

Peer-Reviewed Publications:

1.

F. Mohammad, A. Alzoubi, H. Du, and S. Jassim, “Machine learning assessment of border
irregularity of thyroid nodules from ultrasound images,” in Multimodal Image Exploitation and

Learning 2022, Orlando, United States, May 2022, p. 6. doi: 10.1117/12.2618470.

F. Mohammad, A. Alzoubi, H. Du, and S. Jassim, "Irregularity Recognition of Tumor Border
in Ultrasound Thyroid Scans Without Segmentation," in Annual Conference on Medical Image

Understanding and Analysis MIUA 2022, Cambridge, UK, July 2022 (www.miua2022.com/)

Border Irregularity Assessment of Thyroid Cancer Lesion based on Morphological Features.

(Journal: Biomedical Signal Processing and Control BSPC January 2023)(in preparation)

1.4 An Overview of the Research Methodology

Throughout the thesis, we mainly exploit various handcrafted ML methods for abnormality recognition

but explored some off-the-shelf deep learning methods based on transfer learning for comparison. The

proposed method's performances are analysed and compared, and the findings are summarized. The

research approaches for the two case studies for abnormality recognition are slightly different and

described separately. In the first case study, we collected several datasets of building glass fagade

cracks and then applied several ML methods exploiting either the texture variations or the geometrical

properties of cracked and non-cracked edge segments from images of glass and concrete surfaces. Our

method in this part of the thesis consists of four steps (1) pre-processing the input image either by edge

detection or image partitioning; (2) extracting either geometrical or textural features; (3) building

feature histograms; (4) classification. The steps are illustrated in Figure 1.4.
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Figure 1.4: First case study methodology

In the second case study, two approaches and fusion schemes are followed: (1) border morphological
feature analysis based on ROI points, (2) exploiting texture variations in a ribbon around the lesions

borderline and (3) exploiting various fusion schemes of the methods from both approaches.

In the first approach, the ROI points are interpolated to approximate the borderline for morphological
feature extraction based either on borderline distances or FD-inspired. The distance function is analysed
in the FFT domain or by TDA. The second approach involves exploiting the pixel intensity variations

around the borderline using a ribbon. The steps for both approaches are illustrated in Figure 1.5 below.

Border Morphological Spatial / Frequency
Interpolation Features Domain Features
Building Ribbon
Textural Features Feature Histogram
/Sectors

Figure 1.5: Second case study methodology.

Given that we proposed various methods based on different features and approaches for cancer border

irregularity recognition, the methods are fused at the decision and score levels and combined using DT.

1.5 Structure of the Thesis
The rest of the thesis is organized as follows:

Chapter 2: Presents the background of ML and Al algorithms for image analyses and their
applications. Here the basics and typical pipelines of both handcrafted features and deep learning-based
algorithms are described, and their differences are illustrated. The different assessment algorithms for
ML are presented and discussed. The chapter ends by illustrating the main challenges facing any ML

algorithm.

Chapter 3: In this chapter, the background, theory, and procedures of image texture analysis are
introduced, in addition to describing the commonly used texture features in the literature in general for

computer vision applications and describing the background of the adopted features used in this thesis



in detail. The chapter will focus on preparing the images for input into classifiers with their numerical

and statistical representations.

Chapter 4: This chapter covers the first case study of the automatic recognition of abnormal artefacts
in the natural images of construction materials of glass fagades and concrete surfaces. In the beginning,
backgrounds and related works are reviewed, and then the proposed methods for glass facade and
concrete surface crack recognitions are introduced. The dataset, the experimental setup, and the results

are presented and discussed, and future works are described.

Chapter 5: Here, we present the first part of the second case study of border irregularity recognition in
thyroid cancer nodules. The methods analysing only ROI points given by doctors are presented in this
chapter, while the methods based on analysing the textures around the lesion borderline are presented
in chapter 6. We conduct a literature review of the existing works on the border irregularity of thyroid
cancer lesions and related works and introduce our datasets. Then the different proposed methods based
on borderline distances or FD inspired are introduced. The chapter will also show the effectiveness of
the methods based on the ROI points to visualize the irregular regions along the borderline. Then the
experimental setup and several evaluation protocols are described before presenting the experimental

results, discussions and recommendations at the end of the chapter.

Chapter 6: Presents the second border irregularity recognition approach for thyroid cancer using
texture analyses of the ribbons around the border. Two methods for building the ribbon around the
borderline using the ROI points are presented. The methods utilizing pixel intensities in the ribbon
based on ULBP, HOG, and HOL are described in addition to presenting two CNN models. Finally, the

experimental results are presented and analysed.

Chapter 7: We present decision and score-based fusion schemes of the methods presented in chapters
5 and 6 and build a hierarchical multi-classifier model based on a decision tree (DT). The results of

combining two, three, and five methods are presented, compared and analysed.

Chapter 8: Concludes the thesis with a summary of the work, discussions, an outline of future

works, and research directions.



Chapter 2: Machine Learning for 2D Image Analysis

This chapter is concerned with providing background information that helps enable the design,
development, and testing of the performance of ML and Al algorithms specifically targeting image
analysis tasks and applications. In this chapter, we shall first briefly describe the architecture and the
main approaches for implementing a typical pipeline of machine learning techniques. We shall then
identify the main components of such pipelines but focus on reviewing the main characteristics of
members of the two traditional and deep learning classes of such algorithms. For the two case studies
of abnormality recognition, we primarily employ traditional ML algorithms to perform the many tasks
involved, but we also examine the efficacy of some DL-based approaches. Additionally, we use several

of the performance metrics and evaluation techniques mentioned in this chapter throughout the thesis.

2.1 Introduction

Image analysis histories can be traced back to the emergence of photography and the realization of its
use as a rich source beyond recording events. As camera devices evolved from grayscale to coloured
from lower to higher resolutions, computers emerged, and computer-based image analysis became
possible through image digitalization. In recent years, image processing has been increasingly used in
many application areas, with advances in different image modalities accompanied by advances in
computer systems. Nowadays, the application of image analyses covers a vast area of daily life, science,
and technology. The applications of digital image analyses are so large that they need to be organized,
for instance, by categorizing according to the image sources [5]. Most imaging systems are based on
energy sources coming from the electromagnetic spectrum, while others are generated from acoustic,
ultrasonic, and electronic energy sources or created synthetically using computers. Some application
areas of digital image analysis include; 2D object recognition [6], face identification tasks [7] (e.g. at
border control), robot/drone vision [8], and medical image analysis [9] (e.g. automatic disease
recognition). Image analysis is increasingly deployed in healthcare, especially with the development of
various medical image modalities such as PET (positron emission tomography), MRI (magnetic
resonance imaging), and CAT (computer-aided tomography), where multiple X-ray images taken at
different angles to build a rich image for assessing bone cracks and ultrasound images (US) for

assessment of pregnancy development for instance.

Before the emergence of computer technologies, experts and radiographers manually carried out image
analysis tasks. However, advances in computer technologies have led to increased interest in utilizing
computer capabilities to support many of these tasks. Initial advances targeted the development of
automatic or semi-automatic Computer-Aided Systems to speed up some well-understood and easy-to-
model image measurements used in various science, engineering, and medicine areas. Successes in such

computerized systems generated new opportunities for mass deployment in more challenging image
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analysis tasks and motivated research into using the computer capabilities in processing and automatic
detection of certain textural/structural image features that human experts would do manually through a
time-consuming error-prone process. The result was mass deployment on the one hand and mounting
costs due to the need for expensive machinery and training. In parallel, computer hardware became
more advanced with higher computational capabilities and more affordable. However, the burden of
mass deployment of image applications highlighted the urgent need for developing smart and efficient
software and computational models to exploit the increased computational power of the hardware. This
cycle of combined advances in hardware and software generation started to facilitate the development
of long-perceived models for Al algorithms, as initially envisaged by Alan Turing and the early pioneers
of computer technology. Nowadays, there is more realization of the urgent need to deal with the rapidly
growing demand for automatic image analysis by developing efficient and well-designed Al and ML

models.

The general purpose of manual or automatic image analysis is to find means of
distinguishing/discriminating images or image objects. Such image analysis depends on measuring
variation in image data (e.g., intensity values, colour data, edges, shapes, and their statistical
parameters), and such measurements are more informative in image regions containing more
textural/structural features than smooth regions. Hence, image analysis is akin to texture analysis.
Accordingly, Al image analysis algorithms aim to extract or learn application-relevant discriminating

texture features.

The main common components of any ML/AI algorithm can be split into two parts: (1) image pre-
processing and feature extraction/learning; (2) classifier schemes/architecture, training, and testing
experimental work. Image pre-processing is necessary to enable the extraction/learning of the relevant
textural/structural features in a consistent manner. Such procedures may include denoising, normalizing
illumination variations, segmenting the objects of interest, partitioning the images, resizing the input
image to a fixed size, etc. In short, pre-processing is about preparing the input images for the intended

automatic analysis consistency.

Two different types of ML and Al algorithms for data and image analysis have emerged over the recent
decades: hand-crafted feature-based algorithms and Deep Learning (DL) algorithms. The main
significant differences between the various members of these two types are that various specific texture
features need to be engineered from the images in the first type. In contrast, the DL algorithms learn

different image features automatically that can be used to distinguish different classes of images/objects.

2.2 Hand-Crafted ML Models

Traditional handcrafted feature-based machine learning algorithms have been developed and

successfully deployed in various image analysis tasks. The general process of any ML handcrafted
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feature-based image analysis method starts with image acquisition using any imaging modalities,
followed by segmentation of the region of interest (ROI), which can be done either manually or
automatically using any segmentation algorithm. Then, texture features using image analysis methods

are extracted in the form of numerical values and fed to a classifier as the last step (see Figure 2.1).

Im?_g(_e - Segmentation # Feature - Classification
acquisition Extraction

Prediction:

wll“ HHML“MM - Mallgnant

Figure 2.1: Pipeline of typical ML based on handcrafted features.

In the following, we describe some common texture features used in various applications, including
cancer analysis from ultrasound images (US), face recognition, Covid-19 detection, etc. We group the

works as much as possible based on the same or related feature types.

In [10], several histogram moments, such as mean, kurtosis, entropy, energy, and smoothness, are
extracted from histograms of pixel intensities of US images for thyroid cancer benign and malignant
classification. In another work, HU's invariant moments, Gabor Wavelet Transformation, and Entropy
(Yager's measure and Kapur's entropy) are used to detect benign and malignant ovarian tumours from
US images in an automatic CAD system [11]. Hu's invariant moments is a statistical measurement
invariant to scale, translations, and rotations used for image analysis. Seven invariant Hu moments are
calculated from the normalized central moment of an image and used as discrimination features. Gabor
wavelet is another feature extraction method looking at the frequency domain of an image. Gabor works
as a bandpass filter, i.e., it allows certain bands of frequencies to pass and reject others. It captures
specific frequencies of an image or around a region of an image in a certain direction and can be used
with different scales and directions for classification tasks. Texture features such as Haralick and
Zernike moments are used in a Covid-19 diagnosis tool, which classifies the input chest digital X-ray
image into several respiratory diseases such as COVID-19, viral pneumonia, and bacterial pneumonia
[12]. The Haralick [13] texture features like homogeneity and contrasts are calculated from the
normalized GLCM matrix and give different aspects of the grey level distribution of the image region
under investigation. Zernike moments [14] are orthogonal invariant moments widely used in image
shape feature descriptions in many applications such as characters or object recognition and
classifications. The most distinctive properties of the Zernike shape descriptor are its invariance to
noises and non-redundancy. It is interesting to mention that it is possible to reconstruct an image from
a set of Zernike moments. GLCM is a feature characterizing image textures by calculating a histogram

of the frequency of a pair of pixel intensities in certain unique geometrical relationships that occur
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across the image. Several statistical measures, such as contrast, correlation, homogeneity, and energy,

can then be derived from GLCM for recognition tasks.

In another work for thyroid cancer malignancy classification from 3-D high-resolution US images,
textural features are combined with the input image's discrete wavelet transformation (DWT) for better
performance [15]. Contrast, entropy, and homogeneity texture features are extracted from US grayscale
images based on a grey-level co-occurrence matrix (GLCM). Morphological features are extracted from
cancer lesion shapes and combined with textural features for breast cancer diagnosis from US images
[16]. The morphological features include factor, roundness, aspect ratio, convexity, solidity, and extent
and the texture feature is based on autocovariance coefficients from image statistics. In [17], texture
features such as standard deviation (c), Fractal Dimension (FD), and Gray Level Co-occurrence Matrix
(GLCM) are used to classify ovarian cancer tumours from 3D US images using a decision tree (DT)
classifier. FD usually represents an index of complexity and can be defined as the ratio of the rate of
detail change in the pattern with respect to the scale at which the pattern is measured. It finds
applications in various fields, including computer vision and image analysis. The FD of an image has
shown a direct correlation to the texture roughness in images [18]. Cancer lesion border irregularity can
be considered surface roughness in the image since it is manifested in the texture variations around the

border and can be analysed using FD for lesion border irregularity recognition.

A histogram of the Local Binary Pattern LBP feature (HLBP) is used to discriminate between benign
and malignant ovarian cancer tumours from US images [19] and for pose invariant face recognition
[20]. LBP [21] is a powerful texture feature based on local pixel intensity, which is used in our case
studies of the construction material cracks and cancer lesion border irregularity recognitions. LBP is
invariant to rotation and illumination changes and computationally very fast, and it is a common texture
feature in many applications. For each image pixel, a binary LBP code is calculated by comparing the
intensities of the actual pixel with its neighbouring pixels. A discriminative feature of Residual
Exemplar LBP (ResExXLBP) and an iterative feature selection method ReliefF (IRF) are used for Covid-
19 detection from X-ray images [22]. ResEXLBP is a feature extractor, whereas IRF is a feature selector.
The basic idea here is to generate a high-dimensional feature vector using ResExLLBP and then select
the most discriminative features before feeding them to a classifier. This technique is known as feature
relevance or feature importance analysis. Histogram of oriented gradients (HOG) is another texture
feature like LBP calculated densely at each pixel and used in many applications such as face recognition
[23] and concrete crack detection [24]. In opposite to LBP, it captures texture gradient directionality at

each pixel.

The Scale Invariant Feature Transform (SIFT) and Speeded Up Robust Features (SURF) features are
used in face detection [25]. SIFT is a feature that describes the local content of an image and reduces

the entire image into a set of locally distinct points (key points) together with the description of the
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locally distinct points (descriptor). This type of feature is considered sparse sampling, described earlier
since it extracts only key points or pixels from the image. The key points are extracted using the
deference-of-gaussian approach, where multiple gaussian image blurring is conducted at different
magnitudes. The key points are the extreme points of the subsequent subtraction of the blurred images.
On the other hand, SURF is partially inspired by SIFT, creates key points and their descriptors similar

to SIFT, and is computationally faster.

In [26], among others, blood vessel tortuosity and contour irregularity of foveal avascular zone FAZ
were used for early detection of sickle cell retinopathy (SCR) from 3D images of retinal vascular
structures. The tortuosity feature measures the complexity of the texture structures, where a texture is
considered more complex the more twists and branches it has. Since the retinal blood vessels of SCR
patients are more tortuous than normal vessels, the tortuosity index can be suggested as a discrimination
feature. The FAZ's contour irregularity index is calculated from the ratio of the FAZ contour perimeter
and a reference circle perimeter. This feature could be of interest for construction material cracks and
the cancer lesion border irregularity investigated in this thesis since both show some complex texture

structures, including twists and branches.

In our work, we adopted some of these handcrafted features and their performances are tested for our
case study applications; however, we also developed new texture features related to our abnormality

detections.

2.3 Deep Learning Models

Over the last few years, convolutional neural network (CNN), a special type of deep learning, has
become a popular tool in many applications, especially in computer visions that deliver the highest
accuracies outperforming the traditional machine ML approaches. The applications of CNN in
computer vision include object recognition [27], [28], image classification [29] and segmentation [30],
natural language processing [31], etc. A typical CNN architecture consists of several convolutional
layers and pooling layers sequentially connected for feature extractions and feature dimension reduction
and fully connected layers for classifications, as illustrated in Figure 2.2. Deep learning techniques
operate in two phases: training and testing, similar to conventional ML algorithms. In the first phase, a
model is trained through a back-propagation algorithm [32] using a set of training data where potentially
millions of training weights are iteratively updated. In the second phase, the trained model is used for
testing unseen data. In each training iteration, different features are extracted through a feed-forward

process across different deep learning layers.

The CNN learns different discrimination features automatically and does not need to be engineered,
contrary to handcrafted ML algorithms. This advantage comes at the expense of demanding high

memory and computational resources and a high volume of training data to deal with the high
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dimensionality of the feature space. Recently, Graphics Processing Unit (GPU) development satisfied
DL requirements for high computational performances due to its capacity for parallel processing, while
high amounts of data have been available through social platforms and other internet activities in certain
application domains. CNN models gain further momentum among researchers through exploring

different architectures and transfer learning.

Depending on the application domain, different CNN architectures with a different number of layers
are used. Generally, the more layers an architecture has, the more complex features can be captured,
although having more layers does not necessarily give better performances despite making the
architecture more complex and resource-demanding. The training process is lengthy and requires a lot
of data and computation resources. On the other hand, testing new data samples is fast since it does not

require back-propagation.
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Figure 2.2: Typical CNN architecture [33].

Convolutional layers convolve the input image or the intermediate feature maps using filters of different
sizes to produce new feature maps. Pooling layers summarize the feature maps into smaller dimensions
to reduce the number of parameters to learn and thus reduce computation needs. On the other hand, the
fully connected layers function as a classifier, where each neuron in a layer is fully connected to the
previous layer, hence the fully connected name. The 2D feature map from the last convolutional layer
is flattened to 1D before it is fed to the fully connected layers. The output activation vector from the
last fully connected layer is then turned into predictions through the softmax activation layer (see Figure

2.2).

The problem of demanding a large dataset for training a CNN model is solved to some extent through
data augmentations [34]. The basic data augmentation approach is to produce several images from a
single original image using straightforward operations such as cropping, flipping, shearing, scaling,
rotations, translations, etc. Another widespread way to mitigate the large data requirements for training

CNN models is to use transfer learning [35]. The basic idea here is to transfer the knowledge gained
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from training CNN on a large available dataset to a new task with a smaller dataset from a different
application domain. Contrary to training from scratch, the transfer learning process does not start with
random weight initialization, instead starts with already learned weights and fine-tunes them for the

new dataset.

One common transfer learning approach is using the pre-trained model as a feature extractor [36]. Here
the model has learned enough general features from the large dataset (e.g. ImageNet [37]) and can be
used to extract the features from the new dataset without the need to retrain the model. The features can
then be used to train classifiers such as SVM, kNN, or new CNN fully connected layers. This approach
is faster since it does not require retraining the convolutional layers but might not capture features
specific to the new domain. Another common technique is based on fine-tuning the pre-trained model.
Here, some or all convolutional layers are retrained starting from the weights already learned through
transfer learning. As a result, the model uses the learned features from the already-trained model and
new task-specific features learned from retraining the convolutional layers. Generally, the initial
convolutional layers capture more generic features, while the later ones capture more specific features.
Therefore, it is worth retraining deeper layers while freezing the initial ones. This raises the question of
how transferable the features are from different stages of the convolutional layers from the bottom,

middle, or top of the CNN layers [38].

Although deep learning, especially CNN, has been showing supremacy over all other traditional ML
algorithms, it has the main issue of interpretability, i.e., it is difficult to explain and comprehend their
decisions. In an attempt to explain the typical black-box behaviour of deep learning, several concepts
for CNN feature visualizations, including Activation Maximization, Network Inversion, and
Deconvolutional Neural Networks (DeconvNet), have been conducted recently [39], [40]. The
explainability of Al decisions is particularly important when it comes to medical applications.
Therefore, using traditional ML algorithms in some medical applications is still desirable, where the

features are engineered, and decisions are made in specific explainable steps.

2.4 Assessment of ML Algorithms

In the previous sections, we described the two common ML approaches based on traditional and deep
learning methods; however, typical approaches for assessing the performance and reliability of such
methods are necessary. Therefore, this section is concerned with describing a typical framework of
experimental work to assess the success/reliability of ML Algorithms. This framework includes the

following component.

- Selecting experimental datasets of images relevant to the investigated task
- Designing experimental protocols regarding the split of training and testing data

- Identifying metrics for the method’s performance evaluations
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2.4.1 Designing Training and Testing Protocols

Given that the aim of building most ML models is to make predictions, it is natural to choose the model
giving the best prediction accuracies. In a perfect world, a model that generalizes on unseen data beyond
the training data should be chosen. Model generalization is an essential performance measure when ML
models are evaluated. The more generalized a model is, the lower its over-fitting. A model is overfitted
if it models a particular dataset too well that it fails on a new dataset. Ideally, models are trained with
enough data from different natures and sources to minimize over-fitting; however, data is not always
available. Therefore, selecting an optimal model that generalizes the best with the least over-fitting is
challenging. Therefore, determining how overfitted a model is, implies some compromises when

designing a training and testing protocol.

A common practice to show the level of over-fitting is to use separate datasets for training and testing,
where the testing dataset is referred to as the external or unseen dataset [41]. There is often only one
dataset available; therefore, removing some of the data from the training set for testing is necessary.
The selected model, in this case, will be sensitive to the evaluation set if a smaller dataset is used.
Another way to split the dataset and create a model less biased to how the dataset is split is to use k-
fold cross-validations [42]. This method splits the dataset into equal k sets, where each set is used in
one fold for validation and the remaining sets for training. This ensures that each of the k sets is used
once for validations. The final model performance is then averaged over all k model performances.
Figure 2.3 shows k-fold cross-validation when k=5, whereby 20% of the dataset is usually used for

testing and the remaining 80% for training in each fold.

T::i':i:g |' Tr;ning l ' Training '
(@) (b)

(©)
Figure 2.3: 5-fold cross-validation (a) fold1 is used for testing and the rest for training (b) fold2-testing (c) fold3-testing.

A special case of k-fold cross-validation is Leave-One-Out cross-validation (LOOCV) [22], [42], where
k is equal to the number of cases in the dataset. Thus, in each k fold, one case from the dataset is left
out for validation and the rest for training. Again, the final method performance is calculated by
averaging all k-model performances. This protocol provides a much less biased performance measure
than other protocols due to fitting the models repeatedly to k-1 instances of the dataset. This comes with
the expense of computation time, especially if the evaluation method is complex. However, this method

runs into the model selection problem when testing external data since many models are trained.
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Another protocol worth mentioning here is the Holdout evaluation method which splits the dataset
randomly into training and testing sets. The size of the testing set is usually smaller than the training set
and is typically around 20%. The downside of this method is that it may result in a highly misleading
performance since the random split is run one time. The last evaluation protocol described here is Monti-
Carlo cross-validation (MCCV) [43], which, similar to the Holdout method, splits the dataset randomly
into the training and testing sets but repeats the random splitting multiple times. For each split, the
model is fitted on a training set and tested on a testing set. The final performance is calculated by
averaging over all models. The disadvantage here is that the method may give different performances
when repeated with different random splits, in addition to the fact that some of the dataset instances
may not be validated while others validated multiple times. This effect can be reduced by increasing
the number of random splits. We adopt a similar protocol for method evaluation in our second case
study of border irregularity recognition (protocol3 see section 5.5.1.1). Similarly, we split our dataset
randomly into training/evaluation sets several times; however, we used a different measure to select

one model instead of averaging over all models.

2.4.2 Assessing the Performance of ML Methods

One metric for measuring any ML model's quality is its generality. A model is considered generic if it
can represent any instances from the class of the training set [44]. Another measure is that a model
should not be able to represent an instance of a class the model is not trained on. Another interesting
measure of model quality is its compactness or simplicity, which represents the number of parameters
used. A model is meant to be compact if it uses as few parameters as possible. The work in [44] is an
example of using compactness, specificity, and generality as measures for model quality. The measures

are analysed both theoretically and practically to measure the quality of the statistical shape models.

Most of the time, classification accuracy is used as a metric for measuring the performance of any ML
algorithm. However, there are many other measures to truly judge the performance of the models, such
as sensitivity, specificity, ROC curve, balanced accuracy. How relevant is each of the measures depends
on the application task and the nature of the data. In some applications, one may be more interested in
higher predictions for one of the classes than the others. In medical applications, for instance, it might
be more critical to predict every cancerous lesion correctly but less critical to accurately predict every
healthy cancer lesion. In the following, we define some of the widely used measures for Al model

performances.

Classification accuracy is defined as the rate of the correct predictions to the total predictions made

where the model's overall performance is measured from both classes' prediction rates.

Number of correct predicted cases (2-1)

A —
ccuracy Number of all cases
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Sensitivity or Recall is the measure of the ratio of the number of correctly classified positive cases to

all classified positive cases and can be calculated as follows:

Sensitivity — TP (2-2)
ensitivity = TP T FN
Where TP is the true positive count, i.e., the number of correctly predicted positive cases, FN is the

false-negative count, i.e., the number of false predicted positive cases.

Higher sensitivity might be more appropriate than other measures because predicting positive cases is
more important than predicting negative cases in many applications, including medical and material

fault detection in construction or industry.

Specificity is the rate of correct predicted negative cases to the number of all negative cases and is

calculated as in the following:

TN (2-3)

Spe01f1c1ty = TN—-l-FP

Where TN is the true negative rate, i.e., the number of correct predicted negative cases, and FP is the

false positive rate which is the number of false predicted negative cases.

A confusion matrix is an n-by-n matrix showing TP, TN, FP, and FN, where n is the number of classes.

Figure 2.4 shows a confusion matrix where n=2.

Target Class

Positive Negative

Predicted Class
Positive

Negative

Figure 2.4: Confusion matrix.

The next interesting metric for measuring the model performance is Precision which is the rate of

correctly classified positive cases to the number of all positive predictions and calculated as follows:

TP (2-4)

P P -
recision TP + FP
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F1-Score is quite important when measuring an unbalanced dataset's performance since it uses both
false negatives and false positives, which means that missed cases in both classes are considered. It is

calculated as a weighted average of sensitivity (recall) and precision as follows:

2 * (precision * recall) (2-5)
precision + recall

F1 — score =

The receiver operating characteristic curve (ROC) is a plot showing the relation between the true-
positive rate (TPR) and the false-positive rate (FPR). TPR is sensitivity (or recall), and FPR is (1-
specificity). Many ML models are able to predict the probability of a data sample to be predicted as
various classes. The data sample is then assigned the class label using a certain probability threshold.
The ROC curve (see Figure 2.5) plots TPR against FPR using several probability thresholds. The solid
curves indicate the model's performance and the closer the curve to the top left corner, the higher is
model's performance. The green line shows the performance of a random classifier model that is not

trained and therefore has no discrimination capabilities.

1 1' ----------------------
Perfect

Classifier

True Positive Rate (TPR)

\ 4

False Positive Rate (FPR)
Figure 2.5: ROC curve [45].

Further, the area under the curve (AUC) of the ROC can be used as one value measure of the
performance of the model. The higher the value, the better the prediction of the model. In general,
models giving probabilities are preferred over models giving only labels because, depending on the
application, the probability thresholds can be adjusted, e.g., to meet the application's sensitivity and
precision requirements. Finally, Youden’s index is another performance metric that emphasises both

sensitivity and specificity and is calculated as (sensitivity + specificity -1) [46].

In our two case studies, we used mostly accuracy, sensitivity, and specificity to judge our method
performances. In the case of glass and concrete crack recognition, the emphasis was more on sensitivity
since it is essential to recognize every broken glass or concrete, but false identifying non-cracked ones
might not be as critical. However, in the border irregularity recognition of thyroid cancer, the emphasis

was on both regular and irregular border cases by considering the gap between sensitivity and specificity
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when evaluating our methods. Thus, Youden’s index might be interesting for performance measures in

this case study.

2.5 The Main Challenges of ML

We discussed various ML assessment methods in the previous section, including training and testing
protocols. In this section, the main challenges of machine learning methods are described. Issues with
small or unbalanced datasets, ground truth, and data normalizations (different lesion sizes) are

investigated.

2.5.1 Datasets and Ground Truth

Enough datasets and reliable class labels are crucial for the success of any Al algorithm. Ground truth
is the true target class that can be trusted as the gold standard “truth” and can be relied on. Domain
experts usually annotate the class labels. Generally, dataset and class labels can be either adapted from
an existing dataset or adopted and then modified or newly created. Many free datasets and labels are
available from academic research organizations for academic research. Others can be obtained through
governmental institutions with some restrictions, while commercial companies offer some licenced
datasets for commercial use. However, there are very few publicly available datasets, especially in
medical and security application fields, and it is very difficult to collect new datasets due to personal

privacy and hospital or governmental restrictions.

In the context of digital image analysis, a dataset is a set of images representing different classes of the
problem domain. For instance, in the applications of cancer recognition from medical images, there are
two classes of benign and malignant images: the malignant class is positive, and the benign one is
negative class. The class labels are usually created by the domain experts, such as experience doctors
in the medical field, but they can also be created synthetically by computer algorithms. Also, a mixture
of humans and computers can annotate the class labels. In this case, radiologists mark the region of
interest by setting several points around the object for the computer algorithms to automatically segment
the region of interest. For any image analysis model based on ML to perform well, the image contents
must be clearly selected and the labels carefully annotated; otherwise, there is no way to improve the
performance. This is particularly important in ultrasound image analysis since, by nature, the image
contains (tissues, organs, cancer lesions) has very poor visibility, and therefore it is quite challenging
to locate the region of interest. Further, labelling US images is subjective and depends on the
radiologist's experience. In this sense, several doctors with different experiences might label the same
US image differently. While this is not an issue in our first case study of crack recognition since whether
a glass panel is cracked or not can be easily determined visually, it is a serious issue in the second case

study due to the inter and intra-observers subjectivity variation of lesion border irregularity.
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For robust model building, most ML methods need large datasets for training, especially when it comes
to deep learning methods. Therefore, often the size of the original dataset is expanded by augmentation
methods, where new instants are created from original images by scaling, rotation, adding noise,
flipping, etc. Although the augmented images do not represent the true variation of the images in the
application domain, they hopefully increase the robustness of the model. Another issue is unbalanced
datasets, where the number of cases in one class is much higher than in the other. This will often lead
to high sensitivity of the model toward the majority class. Many ways to balance the training process
can be attempted, for instance, by choosing certain training and evaluation protocols (see section 2.4.1)
or using different performance measures that consider the accuracies of both classes' sensitivity and

precision.

2.5.2 Data Preparation

Data preparation and understanding are the first steps in a successful ML project. A dataset for a method
operating in a specific domain needs to be identified and analysed. Data preparation involves data
cleaning (removing data duplicates and outliers), data transformation (changing the scale of the data
suitable for the machine learning method), and Dimensionality reduction (creating compact projections
of the data). The data may include duplicates, which do not add more information to the training and
need to be removed. Some other data may be wrong and not fall into the application domain. Other data
cleaning processes could involve removing artefacts (objects inside the image that are not relevant to
the task or object of interest) from images, such as numbers, texts, and crosses, as in the medical US
images. Machine learning algorithms work best when the input data, which are numbers, are all in the
same range. Therefore data (could be extracted features) needs to be rescaled by processes such as
normalization or standardization (see section 3.5). The normalization process rescales all input data into
a range between 0 and 1. On the other hand, standardization rescales all input values by estimating the

mean and standard deviation of the training data.

Further, input data to a machine learning algorithm could have high dimensionalities. Not all the
numbers (features) are discriminative for the intended task and, therefore, can be removed by dimension
reduction methods. One of the simplest dimension reduction methods is to look into the variance of the
numbers in a certain column in the input data vector. If the data does not change throughout the dataset,
meaning it has 0 variances and therefore is not discriminative and can be removed. Other widely used
dimension reduction methods, such as Principal Component Analysis (PCA) and Singular Value

Decomposition (SVD), are not described here [47].

2.6 Summary

This chapter provided a general background of ML approaches and their pros and cons. We introduced

two major types of ML methods, handcrafted feature-based and deep learning-based, and briefly
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presented some of their applications, especially in the image analysis field. Different evaluation
protocols and performance metrics are introduced to assess ML methods. It has been shown that
depending on the application domain, some of the evaluation protocols and performance metrics might
be preferred over others. Finally, some of the challenges or difficulties facing any ML algorithm are
described. Difficulties such as small or unbalanced datasets, ground truth and class label reliabilities,
dataset dimensionality, and different scales of the input data are investigated. We will use some of the
handcrafted (LBP, HOG, FD) and deep learning (transfer learning) ML methods in our two case studies
in this thesis and adopt some of the described ML assessment methods (five-fold cross-validations) and

develop new ones to evaluate our proposed methods.

The next chapter focuses on pre-processing techniques, object detections, different texture feature
extraction, and their numerical representations, assessing the discrimination power of the features in

addition to data normalization.
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Chapter 3: Texture Analysis: Background, Theory, and
Procedures

This chapter complements chapter 2 by focusing on the first component of the pipeline framework of
Al applications in computer vision, i.e., the preparation of images for input into the classification
component, the extraction of the specific texture feature for handcrafted classifiers, and
numerical/statistical representation of the extracted texture features. Image features in CNN
classification algorithms are learnt through selected architecture; hence, only pre-processing is needed.
Accordingly, we discuss the theoretical background and practices of image pre-processing, the type of
features to be extracted in the case of handcrafted classifiers, and their representation in suitable
computing forms. We shall first discuss different methods of image pre-processing designed to prepare
the input image (or regions of interest) ready for extracting texture-related features/parameters. We shall
then describe the most commonly found texture features (and their representation) in the literature on
computer vision applications for different image modalities. We end with a summary discussion on
exploiting this knowledge in the following chapters. We use some of the hand-crafted features, pre-
processing, and data normalization methods described in this chapter in our proposed methods for the

two case studies of abnormality recognition (see chapters 4 — 6).

3.1 Introduction

In the last chapter, we established that in the application of Al image analysis, there is the need for
applying a process of initial steps that lead to the output of a computable representation of each input
image in the dataset of interest prior to training and testing via the chosen classifier. The nature of this
initial process depends on specific classifier-based requirements on the input representation of images
of interest. In all cases, it usually consists of a set of pre-processing steps, extracting the texture of
interest and representing these features in a format that computers can process. The performance of any
computer vision system mainly depends on the extracted feature's quality. An image representation
based on a good feature will make the classifier's job easier. However, extracting perfect features is not

an easy task. Thus, image analysis methods aim to extract informative and reliable features.

On the other hand, high discriminative features rely heavily on the image's quality. Image quality can
refer to perceived image degradations caused by various distortions appearing on the image during
image acquisition, transmission, and post-processing. The image quality could be measured subjectively
by humans or objectively by automated methods. The objective image quality measures are done by
comparing the distorted image with the available original image (full-reference method) or with the part
of the available original image (partial-reference method). In most cases, the original image is
unavailable; therefore, the quality is measured using only the degraded image (no-reference or blind

measures) [48]. The no-reference (blind) method needs to model the statistics of the reference image,
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the human visual system, and the distortion type in the absence of the reference image. The statistical
features extracted from the input image measure certain distortions such as noise, blocking artefacts,
blurring, and fading. Image blurriness, for instance, could affect any texture extraction algorithm, e.g.,
any method based on reliable edge detection. Medical image quality measurements are challenging due
to the absence of reference images, making blind image quality measures particularly interesting. Due
to possible variations in the recording condition and the recording imaging devices, there is a need to
mitigate the effect of such variations on the extracted features that may render the performance of the
chosen classifier unreliable and less robust. The next section describes various common pre-processing

operations applied to the images before feature extraction.

3.2 Pre-processing Techniques

Almost all image analysis application pre-processing is expected to deal with general issues relating to
the effects of different types of noise, blurring, and illumination variance. In applications where the
analysis task is related to particular image objects, pre-processing techniques include determining the
ROI, object segmentation and detection, and image partitioning. For instance, we need to select the

appropriate crack edges and tumour border region construction in our case studies.

Furthermore, image processing techniques are primarily operated in the spatial domain, i.e., the image
processing operations are applied directly to the pixels in the x and y coordinates. If features are to be
extracted from transformed domains other than the spatial domain, then applying the selected transform
is an additional pre-processing requirement. For example, we need to implement Fourier/wavelet
transforms to enable working in the frequency domain, but there are also other domains, such as Hough
Transform and Radon Transform. Deep Learning models require image resizing and augmentation as
the main pre-processing steps. In the following, we introduce the common pre-processing techniques

used in digital image processing.

3.2.1 De-Noising

Random noises typically consist of sharp transitions in the grayscale intensities overloaded on the
original image pixel intensities, significantly deteriorating the image quality. Smoothing (also called
averaging) is an apparent operation to counter the effect of sharp transitions that reduce noise. De-
noising filters typically include convolving the image with a smoothing kernel, which blurs the image
to a certain degree depending on the kernel size. These filters are also called low-pass filters because
they reduce high frequencies (sharp transitions in intensities) while retaining low frequencies (slow-
intensity transitions) in the image. The source of noises in digital images could arise during image
acquisition or transmission. For instance, CCD sensors in digital imaging devices produce an amount
of noise depending on the lighting conditions and temperatures. Digital images could corrupt during

transmissions due to channel interferences. Different noises like salt & pepper, Gaussian, and speckle
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noises can be found in digital images depending on the image modalities and image acquisition devices.
Salt & pepper noises occur on the image as randomly distributed black (pixel intensity 0) and white

(pixel intensity 255) pixels, usually caused by faulty switching during imaging.

On the other hand, Gaussian noises have a probability density function of normal (Gaussian)
distribution, where the pixel values are made up of the original values plus a random gaussian value.
Gaussian noises are created from electronic circuits and sensors due to poor illumination and high
temperatures. Another type of noise that typically exists in medical ultrasound images is speckle noise
(also called granular noise). This type of noise usually arises due to the sensor's environmental
conditions during image acquisitions which vastly degrades the quality of ultrasound images.
Researchers use various filter techniques to overcome the effect of noises. These filters include, among
others, mean, median, and adaptive filters. For instance, periodic noises can effectively be reduced in

the frequency domain using notch or Wiener filters.

3.2.2 Image Enhancement

Image enhancement is another useful pre-processing technique emphasizing the intensity transitions in
the image. Thus, image sharpening operators enhance edges and other intensity discontinuities while
de-emphasizing other areas with low-intensity variations, such as spots. Emphasizing the edges and
other discontinuations lead to better feature extractions for specific applications. Sharpening filters
(high pass filters) are considered the opposite of smoothing filters since they emphasize the sharp
intensity transitions (high frequencies) while reducing smooth transitions. Since smoothing can be
achieved mathematically through integration, sharpening is an inverse operation accomplished through
digital differentiation. Thus, the strength of derivative operator responses at each pixel is proportional
to the intensity variation, enhancing the image's fine details while blurring the low-intensity variations.
Common image sharpening filters are based on the image's first or second derivatives. Such filters
include the Sobel filter [49], which uses first-order derivatives, and the Laplacian filter [50], which uses
second-order derivatives. The first filter calculates the rate of the change in the pixel intensity, while

the second one uses the rate at which the first derivative of the image changes.

3.2.3 Illumination Normalization

Variations in the image's illuminations greatly influence digital image analysis tasks such as object
detection and segmentation. The presence of shadows in different regions of natural images as a result
of obstruction of the line of view illustrates such variations and impacts segmentation and the quality
of extracted texture features. In US images, shadows in images are related to the presence of echoes.
Removing or reducing the effect of illumination variations can increase the performance of computer

vision algorithms.
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A common method of normalizing illumination in natural images is Histogram Equalization (HE),
utilizing the pixel intensity distributions in an image. An image's intensity histogram represents the
probability of intensity values occurring in an image. Histogram equalization evenly redistributes these
intensity probabilities in the image, utilizing the full range of intensities to increase the image contrast.
It can achieve high contrast enhancements, especially in degraded images with a narrow histogram of
intensities. This is accomplished by spreading out the narrow density of intensities of the lower contrast
areas and thus increasing their contrast. The effect of HE can often be measured by comparing it with
a reference image of good uniformly distributed illumination. Applying histogram equalization must be
linked to the quantitative measure of illumination variation; hence, some images may not need this pre-

processing measure [51].

Interestingly, histogram equalization is used for contrast enhancement in US images using Local
histogram equalization (LHE) [52]. LHE is applied on certain sub-blocks of US images depending on
the sub-blocks amount of information measured using Entropy. The LHE is applied to the block's centre

pixel, given that the block entropy is higher than a certain threshold.

3.2.4 Fourier Transformation

In many applications, including digital image processing, it is easier and faster to perform certain tasks,
such as filtering in the frequency domain (e.g., Laplacian filter) rather than in the spatial domain. Fourier
transformation is one of the common methods for transforming different signals and 2D images into the
frequency domain. It decomposes a complicated signal into a sum of a series of simple sine and cosine
signals with different frequencies and amplitudes. The approximation of the original signal is better the
more signal components with higher frequencies are added. Thus, Fourier transformation allows for
studying complicated signals in their frequency content (frequency domain). Since computer vision
processes digital images, Discrete Fourier Transformation (DFT) is used to transform images into the
frequency domain. DFT needs vast computational power due to many multiplications and additions.
Fast Fourier Transformation (FFT), discovered in 1965, is the method to drastically reduce
computational needs, making work in the frequency domain practical for many applications, including
computer visions. FFT transformed signal or image is also referred to as the frequency spectrum of the
image, which includes complex numbers for each frequency component. Absolute values of the
complex numbers represent the amplitude of the individual frequency components, which shows the
contribution of the frequency component to the original signal. An essential property of Fourier
transformation is its inverse transformation, i.e., the signal can be converted to its frequency domain
and then converted back to the original spatial domain without any losses. This property allows, for
example, to transform an image into the frequency domain to apply a low pass filter to remove fine
details (high frequency) and then reverse back to the spatial domain, which is basically represent an

image smoothing (blurring) operation.
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Following is the Discrete Fourier Transform (DFT) equation for a one-dimensional discrete signal [5]:

M-1

. 3-1
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Inverse Discrete Fourier Transform (IDFT) for a one-dimensional discrete signal [5]:
1 (3-2)
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In our work, FFT is used in the second case study to capture the irregularity of the border of the thyroid
cancer nodule. However, FFT is applied on a one-dimensional signal formed from borderline distances

instead of the 2D image or ROI (see chapter 5).

3.2.5 Region of Interest Segmentation

The sub-region in an image where the object of interest lies is called the region of interest (ROI). The
quality of any features extracted from the ROI depends directly on the segmentation accuracy; therefore,
accurate segmentation of the ROI is crucial for any computer vision applications. Hence, image
segmentation is one of the major domains in computer vision. Instead of handling the entire image, it
will be more efficient for the image analysis algorithm to process only the region of interest. Image
segmentation approaches are based on two properties of discontinuity and similarity of pixel intensities.
In the first approach, the image is segmented based on abrupt pixel intensity changes, while the second
approach partition the image into several regions based on predefined similarity criteria [53]. Examples
of methods for the first approach are edge detection, while for the second approach are thresholding,
region growing, region splitting, and merging. Better segmentation performances can be achieved by,
for instance, combining the two approaches of edge detection and thresholding. Other segmentation
methods are based on, for example, clustering, superpixels, and morphology. Most segmentation
techniques pre-process the US image before the segmentation, including removing unwanted artefacts

and noises and enhancing contrast for more accurate segmentations [54].

These pre-processing techniques are an interesting extension of our work on border irregularity
recognition from US images to improve the quality of extracted features and increase the method's
performance. We use edge detection in our first case study to extract crack segments, while in our
second case study of tumour border irregularity recognition, we use a simple border approximation from

the ROI points instead of cancer nodule boundary segmentation.

3.3 Object Detection

Object detection is an essential and challenging task in the field of computer vision, dealing with

identifying and locating various objects in an image. Unlike image recognition/classification, object
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detection identifies an object's class and location in an image. While image recognition assigns a label
to the entire image, object detection draws a bounding box around the detected object and assigns a
label. Thus, object detection provides more information about the image and helps understand and
analyse scenes in the image or video. Object detection is divided into two main approaches: traditional
ML and deep learning-based [55]. In traditional ML-based methods, various features such as object
edges, corners, and colours are extracted from the image to identify groups of pixels belonging to a
particular object. Then, a regression model is used to locate an object based on the extracted features.
Most ML-based object detection methods use local features with a descriptor, such as SIFT and HOG

or use local features without descriptors, such as Harris corners [55].

In contrast, deep learning-based object detection methods extract features automatically using an
encoder. The encoder output is passed to a decoder to locate an object and assign a label. Deep learning-
based methods have become state-of-the-art approaches for object detection, including R-CNN [56],
YOLO [57], and SqueezeDet [58].

3.3.1 Edge Detection

Object boundaries inside an image include valuable information about the object shape used in various
image analyses. Image edge detection algorithms can determine object edges by assessing abrupt
changes in the pixel intensities around the edges. Edge detection can be considered an alternative for
image segmentation and has the additional advantage of drastically reducing the amount of redundancy
in image data since only the edge pixels or coordinates are used for subsequent image analyses.
Template matching and differential gradients are the two common approaches for edge detection. The
two approaches generally look for local maxima of the intensity gradient to locate the regions with high-
intensity variations, which is usually the case at the edges. The next step will be to threshold the gradient
map of the image or search for the local maxima of the gradient map to get the edge segments. Both
approaches use different convolving masks to locate the local intensity gradients. The known template-
matching edge detectors are Kirsch and Robinson [59], [60], while differential gradients are Sobel [49],
Roberts [61], and Prewitt [62]. Some methods use two convolutional masks in the x and y directions;
others use up to 12 convolutional masks, while Laplacian edge detectors use one convolving mask
(kernel) [50]. The Canny edge detector [63] is a commonly used, highly effective, and complex edge

detection algorithm compared to other methods.

The state-of-the-art ED [64] algorithm uses a smoothing pre-processing step with subsequent gradient
map building, like most edge detectors. In contrast to other edge detectors, it picks anchor points from
the image and connects them by a smart heuristic edge tracing process. Since the ED edge detector is
used as a pre-processing step in several of our proposed methods (see chapters 4 and 6), we describe

the algorithm in detail in the following.
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First, a gradient magnitude map G is determined by calculating the magnitude of the gradient at each

pixel P(x,y) in terms of partial derivatives in the x (Gx) and y (Gy) directions:

6= (G2 T G (3

Then, a gradient direction map is built by comparing each pixel's horizontal and vertical gradients. If
the horizontal gradient is bigger or equal to the vertical gradient, then a vertical edge is assumed to go
through the pixel; otherwise, a horizontal edge is considered. The weak gradient points are eliminated
by thresholding the gradient map. The next step is to select anchor points at the local gradient
extremums, which can be visually shown as the mountain peaks on the 3D gradient map. These peaks
can be simply located at the edge crossings from the gradient direction map. In deciding whether a pixel
is an anchor point, the gradient of the pixel is compared with its two vertical or horizontal neighbours
depending on if a horizontal or vertical edge passes through the pixel by examining the gradient
direction map. Thus, if a horizontal edge goes through the pixel, the comparison is made with its two
vertical neighbours and vice versa. Finally, if the gradient difference between the pixel and both of its
neighbours is bigger than a certain threshold, the pixel is considered an anchor point. The higher the
threshold, the lower the number of anchor points; consequently, the less detailed the anchor map is and
vice versa. The step size for the anchor point scans can vary, but it is kept below radius 5 of the Gaussian

smoothing kernel to avoid ambiguous edge maps.

(a) (b) (c)

Figure 3.1: (a) Thresholded gradients cluster, (b) computed anchor points, (c) final edge map produced by ED using anchor
points [64].

The anchor map shown in Figure 3.1 is obtained using an anchor threshold of 8 and an anchor interval

of 4 (every 4™ row and column). The next step is to connect the anchor points, which can start at any

anchor point. Figure 3.2 below illustrates the process. The connecting process proceeds to the left and

right if a horizontal edge passes through the anchor point and up and down in the case of a vertical edge.

Only three direct neighbouring pixels are considered during the move where the pixel with the highest
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gradient value is connected (see Figure 3.2). The condition for stopping the connection process is that
either the actual pixel is already identified as an edge point, its gradient value is 0, or there are no more
pixels. Finally, some of the short edge segments, including a specific number of anchors, can be dropped

to enhance the resulting edge map.
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Figure 3.2: (a) An illustration of the smart routing procedure, (b) Horizontal proceeding, (c) Vertical proceeding [64].
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Contrary to edge detectors like Canny or Sobel, the ED algorithm outputs the adjoint edge segments
(blob of edges) as separate linear pixel chains, i.e., the edge segments are extracted into separate vectors
making subsequent feature extraction (e.g., linearity, curvature, connected pixel configurations) easier.
ED parameter fine-tuning is necessary for cases of low resolution where the edges are smooth or include
high noises. For these cases, a lower gradient magnitude threshold must be chosen to select the anchor

points.

In our first case study of abnormality recognition, for instance, the breaks or crack fragments on the
glasses and concrete surfaces can be detected by applying the edge detector. In our second case study
of thyroid cancer irregularity recognition, accurately detecting the lesion boundary using edge detection
and consecutive assessment of the edges may help to recognize border irregularity. However, the poor
intensity variation in US images has to be considered in such cases since edge detectors heavily rely on

variations in the pixel intensities.

3.4 Texture Feature Extraction and Representation

A typical step after image segmentation is feature extraction to allow further image analysis. Features
can be extracted from edges, shapes, or object boundaries or directly from an image's colour/grayscale
intensities and used for various image analysis tasks such as object detection and recognition. Feature

detection and feature description are typical steps in feature extractions. Features can be detected using
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entire images, regions, or object boundaries, whereas feature description assigns a numerical attribute
to a detected feature. A corner in an image might be used as a feature and described by its orientation
and location. Textures are special features appearing on the surface of physical objects as intensity
variations with a specific repeated pattern caused by physical surface properties such as roughness and
light reflections that allows recognizing or segmenting regions having certain texture characteristics.
Thus, textures provide rich information about an image's object or region of interest. The intensities or
textures can vary rapidly, slowly, with high or low regularity, and in different directions making texture
representation one of the fundamental and challenging problems in computer vision and pattern

recognition.

Humans recognize texture in an image when they notice a sudden discontinuity in the pixel
intensity/colour values as they scan through the image in different directions. Connected components
of pixels with such discontinuities could be linked to an object's edges, corners, or boundaries. After
all, images with no discontinuity in their pixel intensity/colour values do not convey any meaningful
information. In this respect, we need to remember that the human vision system deals with natural
images captured by cameras that sense lights in the visual sub-band of the electromagnetic spectrum
with rather limited frequency ranges. However, computer vision systems can analyse images sensed by
other special sensors sensitive to other electromagnetic spectrum bands, including thermal cameras
sensing heat emission. Machines are also capable of processing/analysing images captured by
ultrasound devices that use sound waves to visualize internal human/animal tissues. The same concepts

of textures apply to such images and help understand, interpret, and analyse their contents.

Texture-based image analysis is used in a wide range of applications, including medical image analysis,
image quality measurements, face recognition and biometrics etc. Poor features will lead even the best
classifiers to fail to perform well; therefore, extracting powerful texture features is crucial for successful
classifications. The survey in [65] shows an evolution of the texture classifications since 1962 and
covers methods from Bag of Words to CNN. Texture analyses are divided into two common texture
descriptor approaches for image analysis: sparse texture descriptors involving only specific key points
from the image and dense texture descriptors analysing each pixel in the image. In the first approach,
reliable detection of sparse regions or points of interest in an image is conducted using methods such
as the Harris affine detector [66] and the Laplacian blob detector [67]. Sparse sampling can produce a
compact feature vector much smaller than the total number of pixels in an image. However, it can be
less useful for many texture classification tasks due to the loss of essential texture content caused by
sparse sampling [65]. Therefore, dense texture descriptors are more common methods for texture
recognition. Gabor wavelets are one of the widespread dense texture descriptors looking for certain
frequency-contain in different directions around the point of interest [68]. The next interesting dense
texture descriptor is Local Binary Pattern (LBP), which obtains features by intensity comparison of

pixel neighbourhood [21].

32



Some other popular texture descriptors include LM Filters [69], S Filters [70], Basic Image Features
(BIF) [71] (similar to LBP), and Histograms of Oriented Gradients HOG [72]. Some of these texture
descriptors can be combined for better performance; for instance, Gabor filters can be served as pre-
processing of an image, followed by LBP texture analysis to produce more robust texture features [73].
Further, for highly periodic textures, as in the case of textiles, it is natural to analyse the texture in the
frequency domain through Fourier transformation [74]. Fractal dimension-based texture features are
alternative to the two dense and sparse texture descriptors, dealing with measuring textures using
different scales first proposed by Mandelbrot [75]. In a later development, a MultiFractal Spectrum
(MFS) method for texture description invariant to the viewpoint, nonrigid deformations, and local affine

illuminations is proposed [76].

In this thesis, we use some of the texture features based on dense sampling approaches such as LBP and
HOG and extract other sparse sampling features such as linearity and connected pixel configurations

from edge segments.

3.4.1 Overview of Texture Feature Extraction Methods

Texture analysis approaches can be categorized into structural, model, statistical, and transform-based
methods. Structural (or geometrical) based texture analysis assumes texture is composed of many
texture primitives (elements) arranged according to particular placement rules [77]. The method utilizes
the geometric properties of the texture elements by extracting the placement rule to describe the
textures. Texture primitive properties such as average element intensity, area, perimeter, eccentricity,
orientation, elongation, magnitude, compactness, Euler number, and moments are successfully used in
many applications [78], [79]. A histogram of texture primitives is used for texture analysis to get scale
and rotation-invariant texture features [80]. In another work, structural texture features, for instance,
are extracted from line structures using Hough transform [81]. Model-based methods are represented
as a probability model or a linear combined set of basic functions. Model coefficients are used to
characterize textures; however, their estimations often require complex computations. Markov random
fields are one of the model-based texture analysis methods used in various image processing
applications such as texture classification [82], [83]. Fractal-based models are another texture analysis
method based on the fractal concept introduced by Mandelbrot [75] (see section 3.4.4). The method is

instrumental in modelling many natural surfaces with their roughness and self-similarity properties.

Statistics-based texture analysis is one of the early methods proposed in computer vision to facilitate
the spatial distribution of pixel intensities by describing the texture features using a set of statistics [77].
Many existing methods based on statistics are based on Julesz’s findings on the human visual perception
of texture [84]. The human vision system uses feature statistics to recognize textures, including first,
second, and higher-order statistics. Some of these statistics-based texture analyses include, among

others, moment invariants [85], feature distribution methods [86], and high-order statistics [87].
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Hu is the first researcher to introduce moments for 2D image pattern recognition [85]. Moment
invariants remain unchanged under translation, scale, and rotation changes. Equation (3-4) below

calculates the moment of order (p+q) for a two-dimensional image [88].

M-1N-1

Mpq = Z Z xPyf(x,y) (34)

x=0 y=0

Where f(x,y) is the image function, and M and N are the image dimensions, x,y are the pixel

coordinates, and m,, is a moment of order (p+q).

Central moments of order equal to (p+ q) are then derived from equation (3-4) as follows.

M-1N-1
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x=0 y=0

(3-5)

where X and ¥ are coordinates of the centre of mass.

Some common first-order statistics, which can be extracted from histograms of different texture

features, are presented in the following.

Mean () (first moment) is the average pixel intensity over the whole image:

G-1

36
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Where h (i) ith pixel intensity in the image, i is pixel index, and G is the total number of pixels in the

image.

Standard deviation (o) (second moment) measures the amount at which pixel intensities differ from the

mean:

G—-1
3-7
o= | (= wh) (3D
i=0

Entropy (H) is the measure of randomness (or disorder) of the pixel intensities in the image and can

describe disordered textures. Thus, it measures histogram uniformity:

G-1

3-8
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Skewness (u3) (third moment) measures the shape of the histogram. The skewness value 0 represents

a symmetric histogram around the mean:

G-1
_ . . (3-9)
ps =07 ) (i = WhQD)
i=0
Kurtosis (¢4) (fourth moment) measures the flatness of the histogram shape:
(3-10)

G—-1
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It is worth mentioning that these statistics can be extracted from histograms of any feature beyond pixel
intensities. For instance, in our crack recognition case study, the moments are extracted from the
histogram of linearities extracted from edge segments (see section 4.4.2). The above moments are
statistics that are simple to calculate; however, they are limited in their texture characterization [89].
Therefore second-order statistics such as co-occurrence matrix using joint probability of pair pixel

intensities is also common for texture analysis [90], which is not attempted in this thesis.

The final texture analysis method is a transform-based method operating in a domain different from
pixel intensities' spatial domain, such as the frequency domain. To transfer an image into the frequency-
domain different transformers such as Fourier [91], Gabor [92], and wavelet [93] are used. Hough
transform is another method to transform an image into a polar coordinate (Hough space) to detect
objects such as lines and circles in an image [94]. The Fourier transformation is used in our work to
develop a new method for border irregularity recognition described in section 5.4.10. Hough transform
can be interesting for detecting line-like crack segments in our first case study of abnormality

recognition.

In the following sections, we describe the features based on LBP, HOG, and FD in more detail since
they are used in our two case studies. We need to remind the reader that in addition to these common
features, we introduced other new texture features associated with abnormal artefacts under

investigation that are sparsely sampled only from edge segments.
3.4.2 Local Binary Pattern

Local Binary Pattern (LBP) is a local texture descriptor considered dense sampling since it is extracted
at each pixel by comparing its grayscale intensity with neighbourhood pixels proposed by Ojala [21].
The feature is used in both our case studies of cracks and irregularity recognition; therefore, it is
described in detail. A rotation invariant version of LBP was introduced by Pietikédinen [86], followed
by Uniform LBP (ULBP) by Ojala [95], and successfully used for more than two decades in many
application areas [96], such as defect recognition of steel surfaces [97], buildings glass and concrete

inspection [36], [98], face recognition [99], and medical image analysis [100].
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The method generates a binary code for each pixel in the input image by comparing the intensity of the
actual pixel (central pixel) with its eight neighbours (see Figure 3.3). The binary value one is set if the
grey value of the neighbour pixel is greater or equal to the grey value of the central pixel; otherwise, a
binary value of 0 is set. Repeating this comparison for all eight neighbouring pixels generates an 8 bits
binary code representing the LBP code for the current pixel (see Figure 3.3). Generating this code for
each pixel forms the LBP representation of the entire image. Since the length of the binary code is 8
bits, the number of possible LBP codes is 256, which implies building a 256-bin LBP histogram as a

feature vector for classification.
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Figure 3.3: LBP code generation for different texture representations [101].

The generalized version of LBP puts no limit on the size of the pixel neighbourhood, i.e., there is no
limit on the distance between the centre and neighbour pixels (Radius or R) and the number of
neighbours (P) (see Figure 3.4). Extending the distance of the central pixel to its neighbours might
capture large-scale texture features in some images [102]. A larger spatial area captured by LBP can be

achieved by changing the R and P parameters, as in the following Equation [95].

P-1

LBPp R = Z S(gp — 9c)2P
p=0

(3-11)

Where R is the radius, P is the number of pixel neighbourhood, g. and gp are pixel intensities of the

central and neighboring pixel, respectively.
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Figure 3.4: LBP using different (P, R) values (8, 1), (16, 2), and (8,2).

An LBP-based method needs to (1) describe the different local patterns and extract them, (2) select a

subset of these codes to represent textures (3) use the selected pattern as an effective texture descriptor.
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One issue with LBP is how to choose a subset of LBP codes since different LBP local patterns capture
different texture patterns. A specific type of LBP called Uniform LBP (ULBP) makes up around 90%
of all the LBP codes in natural images [95]. The unique property of ULBP is two transitions from the
binary value 1 to 0 and from 0 to 1, producing a total of 58 codes. Using the histogram of the ULBP
instead of the LBP may or may not affect the discriminative performance but reduces the feature vector
dimensionality drastically and consequently reduces the curse of dimensionality [103]. It is known that
0 and 255 codes capture dark and light spots, while ULBP code groups of 5 ones capture corners, four
ones capture edges, and six ones capture line ends (see Figure 3.3). Therefore, it is natural to test
individual ULBP groups for their discriminability for different applications and certainly can be
combined for better discrimination. Our two case studies will investigate the discriminability of the

individual ULBP code groups.

A histogram counting the frequency of each 256 LBP code throughout the image or region is used to
discriminate different image textures. However, using ULBP with its 58 codes will perform equally
well as reported in many research works [86], [95], [101] and yet computationally much faster due to
the reduction in the feature vector dimensionality. The 58 ULBP codes can be combined with the non-
uniform codes, for instance, by using all remaining non-uniform codes as one bin added to 58 ULBP
histograms as the 59 bin [104]. Further, the ULBP codes 0 and 255, representing dark and light spots,
can also be removed to form a 56-bin histogram, which may lead to better performances depending on
the application. After the original version of LBP, a generalized multi-resolution variant of LBP was
introduced by Ojala [95]. Since then, many variants of LBP have been proposed by researchers [105]—
[108]. Other works inspired by LBP, such as higher-order local derivative patterns (LDPs) [109] and
local directional derivative patterns (LDDPs) [110], have also been proposed.

LBP is invariant of illumination and rotation changes and computationally very fast, making it in
particular important property for our first abnormality recognition case study of crack recognition since
the glass and concrete datasets are collected in different illumination settings (weather and daytime)

and taken by a camera or the drone in different angles.

3.4.3 Histograms of Oriented Gradient

The Histograms of Oriented Gradient (HOG) is a dense local feature descriptor originally designed for
pedestrian detection [72] and used later for various object detection tasks, including vehicle detection
[111] and concrete surface crack detection [24]. Unlike the LBP, HOG captures the gradient and its
directionality at the pixel level making it one of the feature descriptors. The basic idea is to divide the
input image into equal spatial regions (cells), with the successive building of histogram of intensity
gradient and edge directions over the cell pixels and then to concatenate the histograms over the whole
image. For better illumination invariance, a local histogram (energy) is calculated from a larger region

(called blocks) (see Figure 3.5) and used for contrast normalization of all cells in the block. The block's
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combined feature vector is then used as input to a classifier. HOG uses partial derivatives in both
horizontal and vertical directions to inspect the gradient of the current pixel instead of comparing pixel

intensities as in the LBP method.

Block 2 Block 1

1

Cell —»

Block 1, Block 2

Figure 3.5: HOG cells and blocks.

As mentioned in the original paper, the image is resized into 64x128 pixels to make the division of the
image into 8x8 cells and 16x16 blocks easier [72]. The next step is to calculate the gradients at each
pixel of the input image by using partial derivatives (gx, gy) in horizontal and vertical directions as it

is given by the equations below.

of(i,j 3-12
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Where g, (i,j) and g, (i, ) are derivatives at the current pixel with coordinates (i, j).

Next, the gradient map presented by magnitude and orientation (g, 8) is calculated from the gradient

values in polar representation using the following equations:

3-14
g@D=Jﬁ@D+@@D (3-19)

and

gy(i,j)) (3-15)
gx(i,))

6(i,j) = arctan (

A histogram counting the magnitudes of different gradient orientations is formed in the next step. Nine

bin histograms over orientation (180°/9 = 20°) on histograms x-axis and the sum of the magnitudes on
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the y-axis is formed for each cell. Then, the cell histograms are concatenated to build block histograms;
for instance, if we build a block containing 4 (8x8) cells, a block histogram of 36 (4X9) bins can be
formed. Normalizing the block histogram is done by dividing each bin by the square root of the sum of
squares of all bins. The normalized block histogram here is referred to as the HOG descriptor [72].

Finally, all block histograms are concatenated to build a feature vector for input into a classifier.

HOG is used as a texture feature extraction method for our case studies on crack recognition in glass
fagades and concrete surfaces and thyroid border irregularity recognition. However, they are used

slightly different than in the original HOG version (see sections 4.4.5 and 6.3.2)

3.4.4 Fractal Dimensions

Mathematician Benoit Mandelbrot firstly introduced Fractal dimensions (FD) based on his 1967
paper on self-similarity [75]. The property of self-similarity is used in Fractal geometry to describe
complex objects found in nature, explored by the same researcher [112], [113]. Since then, the idea has
been used in many applications, including skin lesion irregularity measurement [114] and FD analyses
of thyroid cancer lesions from US images [115]. Different methods exist for calculating FD, but they
all follow the basic steps of (1) measuring the object boundary or shape using different scales, (2)
drawing a regression line of the measured quantities versus the scales, and (3) deriving the FD from the
slope of the regression line [116]. One of the common methods of calculating FD is the box-counting

method described in the following section.
FD based on Box Counting Method:

The box-counting method first introduced by mathematician Minkowski (Minkowski—Bouligand
dimension, also known as Minkowski dimension or box-counting dimension) is one of the most
commonly used methods for calculating FD and is used in various applications [115], [117]-[120]. In
this method, the shape (or its boundary) is covered with a grid of equal boxes of certain sizes. Then, the
boxes overlapping with shape are counted. The measurements are repeated using boxes of different
sizes or scales (the length of one side of the box). The FD is derived from the relationship between the
number of boxes overlapping with the shape and box dimensions (scales) using equation 3-15 below.
Assume N(¢) is the number of boxes using a box side length of ¢, then the FD is defined as the slope of
the log-log relationship between N(e) and the scale ¢.

logN -
D = lim 28NE) (3-16)
-0 loge
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Figure 3.6: FD using the box-counting method.

Figure 3.6 above shows a grid of boxes of three different sizes, where the overlapped boxes with object
boundaries (red curve) are marked in yellow. In practice, the box scale starts with half of the image
width or height, i.e., the number of boxes is 4. Then the size is divided by 2 for each scale until the scale
of 2 pixels is reached. Figure 3.7 a below shows the number of boxes recorded for each of the box
scales. The number of boxes increases as the box scale decreases. The changes in the number of counted
boxes are slow for the bigger scale, and it is getting faster when approaching smaller scales. Then, the
regression line (dashed line Figure b) is used to fit a line to the log N(¢) and log 1/¢, where the slope of

the regression line represents the FD value.
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(a) Relation between scale and the number of boxes. (b) The slope (or FD) of the regression line is 1.354.

Figure 3.7: Fractal dimensions using counting boxes. The plot shows the relation of the number of boxes to the box scale.

The FD using box counting described above is investigated for border irregularity assessment of cancer

nodules, and a new method inspired by FD is introduced.
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3.4.5 Assessment of Texture Feature Discrimination Power

This section describes some approaches to test the application-related discriminating capability of
selected texture features. In any computer vision recognition task, the powerful features are those having
greater distances in the feature space for different classes. Thus, good discriminative features have
similar values for samples of the same class and different values for samples of different classes. In
most cases, it is hard to check the discrimination power of the extracted features before using them in
the classification experiment. Reducing the number of redundant features reduces the computational
cost and improves the model's performance in many cases. Thus, irrelevant features can mislead the
classifiers resulting in lower performances of the classification algorithm. Therefore, methods for
feature selection are essential for determining the most discriminative features for the target class from
the input feature set. Further, feature selection can reduce the overfitting of prediction models trained

on small datasets [121].

Two common methods for feature selection are the wrapper method which uses the classifier for the
feature selection, and the filter method, which is independent of the classifier [122]. While The wrapper
method involves an optimized predictor or classifier in the feature selection process, the filter method
uses general characteristics of the training set to select the most relevant features. The general
characteristics include correlations between input features and target class, whereby a correlation-
dependent score is assigned to the input features to rank them and to select a subset with the highest
scores as the input feature vector. Recursive Feature Elimination (RFE) is one of the wrapper methods
that seek a combination of predictors that maximize the model performance by the process of adding
and removing predictors. RFE was initially used for gene selection for cancer recognition utilizing SVM
and later used as a popular method for feature selection [123]. Some classifier algorithms use feature
selections as a part of their learning process, including Lasso [124] as one of the penalized regression
models and random forest [125], which ensembles multiple decision trees and uses Gini and
permutation indexes to determine feature relevance and so reducing the number of features. Finally,
dimensionality reduction methods are another way to reduce the number of features. Unlike feature
selection, dimensionality reduction methods project the feature vector to a new dimension creating

entirely new features.

3.5 Feature Normalizations

Machine learning algorithms learn the mapping of the input feature vector to the target class; therefore,
the scale and distribution of the features of the input samples maters for high classification
performances. One common way to mitigate the effect of the different scaling of the input feature vector
is to linearly rescale the input features, which refers to data or feature normalization. ML algorithms

that use distances between the input samples, such as kNN and SVM, are affected by the scale
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differences in the input data. Other classifiers, such as DTs, optimally split the input data using

percentages of the correct classified labels and, therefore, are not sensitive to scale differences.

Division by Range data normalization is one of the standard methods for rescaling the input feature
values into a range between 0 and 1 using minimum and maximum values calculated over the whole

input data. The value is normalized as follows:

X — min (3-17)

X=—
max — min
Where min and max are the minimum and the maximum of the input values, x and X are original value

and its normalized value.

Standardization or Z-score is another way to rescale the input data using the mean and standard

deviation over the training data. An input value x is standardized as:

X — mean (3-18)

X =
sd
Where mean and sd are the average and standard deviation of the input values, x and X are original

value and its normalized value.

This process results in a set of values with a mean of zero and a standard deviation of one. The input

data must have a Gaussian distribution, and a well-behaved mean to get reliable results.

3.6 Summary

This chapter presented the background theory and procedures for texture analysis in computer vision.
Various steps of typical ML methods are explained, including pre-processing, object detection, texture
feature extraction, feature selections, and feature normalizations. Pre-processing techniques such as de-
noising, image enhancement, illumination normalization and ROI segmentation are described. Some
common feature extraction techniques such as LBP, HOG, and FD and representations of extracted
features through statistical moments are presented. Both cracks in the natural images of glasses and
concrete and nodule border irregularities from US images are reflected in intensity variations across the
image and can be well discriminated by densely sampled texture features like LBP and HOG. On the
other hand, border irregularity from the nodule border curve is a case of the curve fractals and hence
can be captured by Fractal Dimensions. Further, we have shown that features can be extracted in
domains other than spatial domains, such as the frequency domain, which is again used in nodule border
irregularity recognition since borderline curves can be presented as distances function fluctuations of
different frequencies. Finally, the statistical moments of the histogram of Linearity and curvature
indicators are used for crack recognition. The rest of the thesis will be guided by various components

of the Al framework pipeline, as discussed in this and the previous chapter. Many of the presented ML

42



pipeline steps and feature extraction methods are used in our two case studies presented in chapters 4,

5, and 6, and we developed several new methods.
In the next chapter, we present our first case study of abnormality assessment of building material. More

specifically, we present several methods for surface crack recognition of the glass and concrete from

2D visual images.
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Chapter 4: Analysis of Abnormal Artifacts in Natural
Images

This chapter presents the first case study for abnormality recognition in visual images. More
specifically, we aim to automatically recognise abnormal artefacts in natural digital images captured by
commercially available cameras, focusing on monitoring and assessing the state of building facades and
concrete surfaces for safety purposes. We will consider two cases relating to two different building
materials, each with its own challenges but having common characteristics. In particular, we develop
several hand-crafted feature-based Al algorithms and a few CNN models and test their effectiveness in
identifying cracks on concrete and glass surfaces. For the hand-crafted feature-based algorithm, we
shall use some texture features that are known for successful use in general image analysis, but we also
introduce new types of texture features that are specific for crack abnormality artefacts in glass and
concrete panels. We shall demonstrate that most of the proposed algorithms achieve high levels of
recognition accuracies. We first describe the setup of the investigated problems highlighting the main
challenges and potential benefits of using Al to deal with these tasks. Then, we review the methods that
are currently used to assess general defects in construction materials and cracks in particular. Finally,
various proposed Al algorithms for the intended tasks are presented, and their performances are tested

using relevant publicly available and newly collected datasets.

Glass Facade and Concrete Surface Crack Recognition

.

HOL
ED Edge
Detector
Curvature
Indicators

Buildings —
Material Crack | = ) C—

Recognition

LBP

HOG

CNN
———

Figure 4.1: Summary of the methods for crack recognition.

4.1 Introduction

Most commercial and inner-city sections of densely populated cities worldwide are characterised by
high-rise buildings, towers, and skyscrapers (see Figure 4.2a). As explained in chapter 1, the exterior

walls and building facades are made increasingly of large, toughened glass panels, which frequently
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become defective in the form of cracks. Consequently, they require regular monitoring, maintenance,
and renovation to maintain health and safety and ensure energy efficiency and visual appearance.
Skilled engineers and staff climb the building with specialised equipment for manual inspections (see
Figure 4.2 b). This procedure is time-consuming, costly, and risky. Thus, an automatic inspection using
machine-learning-based solutions which can be installed on board Unmanned aerial vehicles (UAVs)

is highly desired (see Figure 4.2.c).

(b) ©
Figure 4.2: (a) Skyscraper, (b) high building worker, (c) drone [126]-[128].

UAVs, including drones, have become more and more popular in recent years for a variety of inspection
applications [129]. Vision cameras onboard UAVs can record images in various levels of infrastructure

details, such as cracks on the concrete surfaces (see Figures 4.3 and 4.4) and on glass fagade.
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Figure 4.4: Automatic bridge concrete crack detection using drones [131].

The availability of relatively cheap UAVs endowed with different imaging sensors and cameras
provides affordable means to integrate UAVs in experts-led fagade assessment and monitoring to deal
with the tasks mentioned above as frequently as necessary in a safe and convenient environment.
Advances in computer vision algorithms can be exploited to support such tasks in different ways and

for different purposes in real-time or offline.

In this thesis, we are concerned with detecting/recognizing cracks in glass panels as well as concrete
blocks by automatically analysing natural images of such panels, ideally recorded by UAV cameras.
Computer vision systems for such tasks are expected to deal with different challenges, such as
reflections, weathering conditions, illumination. when assessing fagade glass and concrete surfaces for
cracks, although they share similar objectives. Further, the ML algorithms need to deal with different
natures of the cracks, for instance, single massive cracks or small crack fractions all over the place (see

Figure 4.5).

Figure 4.5: Glass cracks with small fractions and single massive concrete crack.

The next section will review existing literature on crack recognition and related works. Before
presenting our proposed methods, we introduce our datasets of glass and concrete cracks and briefly
describe the necessary image pre-processing. Then, we present several proposed algorithms depending
on the specific texture feature used for the intended image analysis, followed by the experimental setup

and the results. The chapter concludes with results analyses and recommendations.
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4.2 A Survey of Glass and Concrete Cracks Techniques

The automatic crack assessment of two building materials, glass and concrete, as well as other similar
materials, like solar panels and steel sheets, is the focus of reviewed work in this section. Automatic
analysis of contents of the various recorded images/videos aim to extract texture feature
vectors/function representing objects and shapes of interest (e.g., edges or other complex shapes) and
submit these numerical representations for statistical analysis or other forms of mathematical analysis.
A valuable, relevant source of information on image texture analysis is contained in the extensive survey
of Liu et al. [65], already described in chapter 2. We need to remember that texture features are either
extracted densely (dense sampling) involving each pixel or sparsely (sparse sampling) involving only
certain key points in the image. For example, the LBP and HOG feature vectors are extracted densely
while the various ULBP groups, or combinations of groups, are extracted post-application of the LBP
sparsely. Our investigations for crack abnormality recognition include the use of these dense and sparse

texture features in addition to some deep learning-based methods.

There are only a few works done on glass crack recognition, while there are many works on
cracks/defects in other building materials like concrete, asphalt, and mortar. In [132], the glass cracks
are detected by first pre-processing the input images using Neighbourhood Averaging for noise
reduction and the Laplacian filter for sharpening the input image. The suspected cracks are then
segmented using adaptive thresholding with subsequent measurements of the area, perimeter, and object
roundness. These measurements are used to assess the crack’s characteristics; however, neither the
experimental dataset nor the method's performance is presented. An automatic detection and recognition
algorithm for safety glass crack fragments is proposed in [133]. The glass images are first pre-processed
using a Sobel edge detector to generate suspect glass crack edges, followed by binarization using OTSU
thresholding. The crack edges are smoothed and connected using morphological operations. Finally,
the watershed transformation method based on chain code is used to segment the glass fragments,
followed by determining the shape, size, and glass fragment numbers. The method showed effectiveness
for crack segmentation and crack parameter calculations. The work is done on very small dataset of
glass images under manufacturing conditions where reflections and other artifacts such glass panel

frames are not present.

An automatic crack detection method from noisy concrete surfaces is proposed in [134]. As a pre-
processing step, a median filter is used to remove shades on the concrete surface, and a multi-scale line
filter with the hessian matrix is used to sharpen the crack segments against blebs and stains and to
smooth the variation in crack width. The crack detection is done in two steps; (1) the probabilistic
relaxation method is used to detect the crack and remove the noises coarsely, and (2) local adaptive
thresholding is applied to detect the crack segments more precisely. Sixty noisy concrete images,

including various blebs, brains, and shadings, are used to evaluate the method's performance. The
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proposed method achieved a specificity and sensitivity of 80% and 99%, respectively. Using the
proposed method with the two pre-processing steps showed an area under the curve (AUC)
improvement achieving 99% compared with the method without pre-processing steps. An automatic
detection method for bridge concrete cracks is proposed in [135]. The median filter for image
smoothening and the Canny method for crack edge extraction are used as pre-processing steps. Then,
the crack edges are segmented using a modified region-based active contour algorithm. The noises are
eliminated using a linear support vector machine based on a greedy search strategy. The final step
involved marking each crack segment and estimating its width using the contour tracing algorithm. The
methods evaluation on 50 noisy concrete crack images shows an accuracy rate above 92.1% for
estimating the mean width of the detected cracks. The HOG-based method is used to detect cracks on
concrete surfaces from binary input images [24]. The proposed method showed significant emphasized
cracks when tested on two concrete images containing a horizontal and a vertical crack. However,
methods evaluation on only two images with two individual cracks is not adequate to judge the
effectiveness of the proposed method. The HOG feature is used in our case study of abnormality
assessment for both glass and concrete images; however, it is used for crack recognition instead of crack

detection.

There is a long list of works done on crack detection and recognition in concrete images using deep
learning. We introduce in the following some of the recent works. In [136], the author uses seven CNN
architectures based on transfer learning (pre-trained on ImageNet) for concrete crack detection. Several
performance analyses, such as the effect of the training dataset's size, the network's depth, the number
of training epochs, and the expandability of the method to other building materials, are investigated
using different CNN architectures. The proposed methods are evaluated on a publicly available dataset
[137] of 40000 image patches generated from 500 high-resolution images collected from buildings at
Turkey's Middle East Technical University (METU) campus. The methods achieve accuracies as high
as 96%. The same publicly available dataset of concrete cracks is used in our work to evaluate our
proposed crack recognition methods. In another work, AlexNet CNN architecture in transfer learning
mod is used for concrete crack detection [138]. The high-resolution dataset is split into 1250 images for
training and validations and 205 images for testing. The training and validation dataset are cropped into
60000 image batches of an equal number of cracked and non-cracked batches. The average test accuracy
on 205 images using a sliding window exhaustive search was 99.09%. The next work uses the CNN
model in transfer learning based on improved EfficientNetBO0 architecture for concrete crack detection
[139]. The model number of parameters is significantly reduced compared with MobileNetV2,
DenseNet201, and InceptionV3, giving an accuracy of 99.11%. Reducing the number of parameters in
the CNN model makes it lightweight for installation on mobile devices. This point is particularly
interesting for the current work since our work's ultimate aim is to install a crack recognition method

on board a UAV for automatic building inspection.

48



4.3 Glass and Concrete Datasets

We collected four glass crack datasets using a drone and Google search to evaluate our proposed
methods and used one publicly available concrete surface dataset [137]. Two glass datasets are formed
from videos taken by a drone from an office building site in the LinGang Business District of Shanghai
City, China (see Figure 4.6). Several drone flights were conducted at different daytimes and weather
conditions. A DJI Phantom 4 Pro V2.0 drone with 20 megapixels in 4K quality and 60 frames per
second onboard camera is used. The 4K camera resolution is used to collect the D4K dataset, while the
same camera in HD format is used to acquire the DHD dataset. By choosing these two resolutions, we
can evaluate the performance of our proposed methods on low- and high-quality images. The images

are manually cropped from the recorded video frames and labelled as cracked and non-cracked.

The videos are recorded on four sides of the office building with seven cracked glass panels. Due to the
restricted number of cracked glass panels, two images from each broken panel were sampled from the
recorded videos. Thus, balanced datasets are created using a total of 14 images of broken glass panels
and an equal number of non-cracked glass panel images. Since the number of the original images is low
and their resolution and view angles are large, each of the 14 images of both image classes is split into
non-overlapping four-by-four image batches, creating a collection of 14x16 = 224 images of each of
the glass classes for both D4K and DHD datasets. The third dataset DG is collected using a Google
search of initially 68 images from both cracked and non-cracked images of various qualities and sizes.
Some of the images had to be manually cropped because the actual glass panels were not in the centre
of focus. The images are then divided into four by four non-overlapping batches similar to D4K, and
DHD described earlier, producing a total of 2176 image batches. However, as some of the cracked
photos are only partially cracked, some of the batches from the original cracked images did not contain
the actual crack segments, leading to a highly unbalanced number of cracked and non-cracked image
patches. Consequently, the image batches are down sampled to produce the final DG dataset of 896 by
896 images from both classes. Figure 4.7 below shows examples of the original images (see Figures in

a) and some of the batches created from the original images (see Figures in b).

Finally, a new dataset, ALL, is created by merging the three datasets to evaluate our proposed methods
on a dataset collected from different sources and having different qualities. The dataset is formed with
equal portions of 224 images from both image classes from each of the datasets: D4K, DHD, and DG.
The only dataset that needed to be down sampled was DG. Therefore, we randomly selected 224 images
of both classes from DG and merged them with the other two datasets into the ALL dataset, creating a
balanced dataset of 2x672 =1,344 image batches of both classes (see Table 4.1).
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As an additional data preparation step, all images in individual datasets are resized to the average size
of the dataset calculated over both classes of glass images to mitigate the effect of image size variations

across the datasets on the performance of the proposed methods.

d
Figure 4.6: Glass fagade of an office building in LinGang District, Shanghai (reflected drone image in the red circle).

(@
I ‘
(b)

Figure 4.7: (a) Examples of original cropped images (b) batch images of cracked and non-cracked glasses.

The concrete dataset is publicly available [137] and consists of 40000 image patches of equal sizes of
227x227 pixels and equal amounts of cracked and non-cracked concrete surfaces (see Figure 4.8). The
image batches are generated from 458 high-resolution images taken at the buildings of METU in
Turkey. The high-resolution images are cropped to build the image patches using the method described
in [140]. It is worth mentioning that no augmentations are used to build the dataset, and the images are

taken from different concrete surfaces under different illumination conditions.

Figure 4.8: Two non-cracked (on the left) and two cracked (on the right) concrete image patches.



Table 4.1: Shows the datasets used in our experiments and their sizes.

Dataset Sizes
Datasets Cracked, Non-cracked
D4K 224,224
DHD 224,224
DG 896, 896
ALL 672,672
Concrete 20000 , 20000

4.4 Proposed Methods

The following sections describe our proposed methods for recognizing cracks in the glass and concrete
construction materials. The overall workflow of our proposed methods is presented in Figure 4.9. The
methods are based on: (1) extracting crack edges to calculate linearity or curvature indicators to build a
histogram, then, either the histogram or its statistical moments are used as a feature vector for input to
a classifier, (2) extracting textural features such as ULBP and HOG to build a histogram for input to a
classifier. In this sense, we first describe the adopted edge detection algorithm used as a pre-processing

step for some of the methods and then present our proposed methods.

ED Edge | Linearity/ R Hlst(-)gr-am/
e i Detection » Curvature »| Statistical
= Indicators Moments

W . Class Label
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Figure 4.9: An overview of the proposed method's main step for crack recognition.

4.4.1 Adopted Pre-processing - The Edge Drawing Algorithm

The nature of cracks in different/similar material surfaces differ depending on the quality of the
manufactured material, but all share some typical characteristics. For example, they all appear as curved
or line-like objects of different thicknesses. In the survey above, most of the reviewed crack algorithms
apply denoising and edge detection procedures besides morphological operation to segment the crack
fragments. Having tried many pre-processing methods, we found that using an edge detector to analyse
the glass crack edge segments is the most useful for our work. Various well-studied edge detectors,
such as Roberts [61], Sobel [49], and Canny [141], are used in many computer vision applications.
Here, the recently published edge drawing (ED) [64] algorithm is used as an edge detector for its high
performance in addition to producing edge segments of connected pixels and always one pixel wide
(see section 3.3.1). These properties of ED specifically simplify the calculation of the linearity and

curvature features introduced in the coming sections.
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4.4.2 Histogram of Linearity

Most objects in natural images are easily recognizable when their edges are extracted. The cracks in the
glass panels or concrete surfaces can also be recognized by examining their edges, showing many line-
like structures in contrast to other artefacts, such as dirt or reflections from nearby objects. This
observation led to considering the Histogram of Linearity (HOL) features to capture glass and concrete
cracks. Linearity measures how much a set of points represents a perfect line. Usually, the linearity
value “1” is assigned to the shapes having their points lying on a straight line, and “0” is assigned to a
totally unordered set of points, such as spots. The linearity feature is already used in many applications,
including shape recognition [142]. Correlation is one of the linearity measures which shows how strong
the relationship between two variables or a set of points is. The set of points lying on/around a line have
the strongest correlation of either -1 or +1. The sign here shows a positive or a negative correlation, i.e.,
the relation or correlation between the two variables is going in the same or opposite directions. This
feature is similar to the concept of HOG in that HOL is built from a histogram of the slopes (correlation

coefficients) of the connected components post-edge detection.

To measure the linearity of the glass cracks, we first extract edge segments from the image and then
measure the linearity of the individual edge segments. Pearson's linear correlation coefficients (equation

4-1 [143]) are used to measure the linearity.

r= n2?21 Xy — Z?=1x'2?:1y (4_1)

R o I e

Here, r is the linearity value, n is the number of pixels forming the edge segment, and x and y are the
coordinates of the edge segment points. In our method, we used only the absolute value of r, i.e., the

sign is ignored since the crack segments' orientation does give any extra indications regarding cracks.

Images of cracked glass panel surfaces should contain more line-like segments with linearity values in
a certain range than non-cracked glass images. Hence, a histogram of linearity values can be suggested
to represent the difference between cracked and non-cracked images. As shown from the two histograms
in Figure 4.10, the frequency of the linearity values closer to one of a cracked glass image is overall
higher than that of the non-cracked glass image. It can be further observed that the number of edge
segments in the cracked image is higher than that of the non-cracked one, which can be explained by
the existence of many small crack fragments in the case of cracked glass. Hence, the histogram of
linearities is used as a discrimination feature vector. For each histogram bin, the number of edge
segments having bins' specific linearity value range are counted (see Figure 4.10). The histograms are
normalized by dividing each bin by the sum of all bins. Feeding the histograms directly to the classifiers
may face the issue of high dimensionality in addition to lower discriminability. Statistical moments are

simple, of low dimension, and reflect the distribution characteristics already used in many classification

52



tasks; hence it is used for crack recognition. Five statistical moments mean (p), standard deviation (o),
entropy (H), skewness (u3), and kurtosis (u4) are derived from the normalized histogram of linearity
and used as a feature vector for the input to the classifier. The description and equations of the individual
statistical moments are presented in section 3.4.1. These five features should depict different aspects of
the linearity distribution across the histograms and can discriminate the cracked images from non-

cracked ones alone and jointly.
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Figure 4.10: Examples of linearity histograms for both cracked and non-cracked glass images.

Further investigations of the edge segments reveal that they have high variations in length, which may
affect the linearity values and reduce the method's performance. Therefore, the edge segments are split
into equal pieces of different lengths (split size) before calculating linearity, leading to improved

method performance.

4.4.3 Curvature Indicators

In the following, we present two methods based on curvature and curvature indicators for crack
recognition.

4.4.3.1 Histogram of Curvature

Many edge segments shown in different colours (see Figures 4.11 a and b) of cracked and non-cracked
glass and concrete images reveal nonlinear structures, hence the method's limitations based on the
linearity feature. We can further see in the histograms shown previously (see Figure 4.10) that many
edge segments in both image classes have linearity values close to 0, which indicates non-linear
structures. In order to capture these curvy-shaped crack segments, a curvature feature measuring the
bending strength of the crack segments can be employed. Curvature is defined as the amount by which
an object deviates from being a flat surface or a curve from being a line. Positive curvature values
represent convex shapes or curves, while negative values represent concave curves. Zero curvature
values usually show the crossing points from convex to concave regions and vice versa on the curve or

contour of a shape.
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Figure 4.11: ED edge detector output of glass panels (a) and concrete (b) with massive cracks and small crack fragments.
The different colours show individual edge segments just for illustrations and have no specific meaning.

Curvature can also be defined as the rate at which a tangent to a curve changes direction [144]. The

curvature (k) can be given by the following equations:

dr (4-2)
T=
_ dT| (4-3)
“lds
_ dTdt _ 1 dT _ 1 dT (4_4)
B dtds|_|d_s dt|_|v| dtl
dt

v
whereT = —

[v]
T is the unit tangent vector, s is arc length, and r is the unit vector direction.

By imagining a particle moving along a curve in a two-dimensional surface with its actual position

given by x and y coordinates, we represent (s) in a parametric equation form:

s =x(0) + () (4)
The variables x and y are dependent on the third variable, t.
ds dx dy (4-6)

S ata Y
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(4-7)
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Where x and y are the edge point coordinates on the image for which we are calculating the curvature.
(x',x",y',y"") are the first and second derivatives of x and y, respectively [144]. In digital image

analysis applications, we need to use the following discrete versions of derivatives:

f;(t) — f(t + n)x - f(t)x (4'12)
n
f;l(t) zf(t'l'zn)x‘*'z*?];(t‘*'n)x_ f(t)x (4'13)

Here, fy (t) is the first derivative for a continuous 1-dimensional function f (t), with respecttot, fy' (t)
is the second derivative for a continuous 1-dimensional function f(t),, and n is the distance in pixels

between two consecutive points (here referred to as sample size).

As shown in equations 4-12 and 4-13, the curvature can be calculated at any point along the detected
edge using first and second derivates. Three consecutive points along the edge are needed for these
calculations. The edges are extracted using the ED edge detector [64]. Using different values of n
captures different geometrical aspects of the edge segments, and the best-performing value is
determined empirically during the experiments. The curvature values calculated at the segment points

are then accumulated in a histogram before feeding to a classifier.

4.4.3.2 Connected Pixel Configurations

Extensive experiments show that calculating curvature using step size n=1 performs the best for crack
recognition. Thus, the curvature calculated for every three connected pixels always yields a certain
value depending on the pixel's geometrical alignments. This fact inspired us to use three connected pixel
configurations as an indicator for edge curvature. The histogram of connected pixel configurations is

used for crack recognition instead of the histogram of curvature, yielding better performances and
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simpler to calculate. Connected pixel configurations can be explained by taking three neighbouring
pixels (connected) along the edge segment; then, we calculate how many different shapes these
connected pixels can take and build statistics for discrimination of the cracked images. The 3-connected
pixel configurations (3PixelConf) can take 64 different shapes or configurations, given that they are
always connected. Similarly, the 4 and 5 connected pixel configurations can take 512 and 4096 possible
configurations. As a reminder, the different pixel configurations show how the neighbouring pixels are
geometrically aligned to each other and therefore indicate geometrical structures of the edge segments
similar to the curvature. Figure 4.12 shows some of the 3PixelConf numbered from 1 to 64. A histogram
with a number of bins equal to the number of possible configurations (here 64) is calculated. The bin
frequency represents the number of occurrences for each configuration across all edge segments of an
image. Again, using an ED edge detector to extract edges make it easier to calculate pixel configurations
for its property of one pixel wide and edge segments of connected pixels. The more pixels (e.g. 3, 4, 5)
are considered for the connected pixel configurations, the higher the number of possible configurations
and the higher the computation demands. Therefore, smaller numbers of pixels should be considered,
especially for installation on mobile devices. We attempted the 3, 4, and 5 connected pixel
configurations in our experiments; however, three connected pixel configurations gave slightly higher

performances. Hence we use only 3PixelConf in our experiments.
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Figure 4.12: Some of the 3-connected pixel configurations.

Figure 4.13 below shows the histograms of 3PixelConf configurations calculated from the cracked and
non-cracked glass images over the D4K dataset. The histograms reveal, among others, that the
frequency of the different configurations of the cracked images is higher than that of the non-cracked
images due to the existence of a higher number of edge segments. Another insight of the histogram
shows the high frequency of two-pixel configuration numbers 10 and 46 compared to the remaining
ones in both cracked and non-cracked images. These two-pixel configurations correspond to the long
horizontal and vertical line edges produced from the long frames of the glass panels in our datasets. In
addition, the high number of the two configurations could reflect the existence of line-like edge
segments from, for instance, single massive cracks, especially in the concrete dataset. Further

investigations are needed to determine the discriminative power of these two configurations.
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The histogram also reveals many pixel configurations (e.g., Conf 2, 3, 5, 42, 43) having a frequency of
0 and might be removed to reduce the dimensionality of the feature vector without affecting
classification performance. It is also interesting to know why some connected pixel configurations are
completely absent among all images of both classes. This must be related to the nature of glass and

concrete images and how the ED algorithm extracts the edge segments.
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Figure 4.13: Frequency of each of the 64 3PixelConf configurations.

Finally, we introduce the two possible overlapping and non-overlapping approaches for calculating
connected pixel configurations, as shown in Figure 4.14 below. In the overlapping approach (Figure a),
each pixel is considered part of at least one and a maximum of three consecutive pixel configurations.
In the non-overlapping approach (Figure b), a pixel can only be part of one configuration. Consequently,
the frequency of the configurations in the overlapping approach is higher than in the non-overlapping
approach. Although the two approaches performed similarly, the non-overlapping approach may be

preferred due to its lower computational costs.
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Figure 4.14: (a) Overlapped pixel configurations (b) None overlapped pixel configurations.

4.44 The ULBP Method

In chapter 3 (section 3.4.2), we detailed the description of the Local Binary Pattern (LBP) [21] as a
texture feature successfully applied in many pattern recognition and computer vision tasks.
Accordingly, we first investigate the use of different representations of the LBP texture features for
automatic crack recognition schemes. The main incentive for using LBP in our work is its repeatedly
demonstrated discriminative power for image texture analysis. The strength is its fast calculation in
addition to its invariance to rotation and illumination changes. According to initial experiments on the
prevalence of the various types of LBP codes in the glass and concrete datasets, the ULBP counts for
around 82-90% of all LBP codes; therefore, it is natural to attempt ULBP with its similar discrimination
as LBP and much lower computation demands. This texture feature can be extracted in two different
ways: extracted from the entire image region or from the set of pixels on detected edges, and in both
approaches, these methods are represented by histograms of different bin numbers depending on the

groups of LBP landmarks.

Figure 4.15 shows some examples of LBP representations of glass panels, which show visual

differences in LBP texture features between the cracked and non-cracked LBP transformed images.

() (b) © (d)

Figure 4.15: (a) original cracked panel, (b) LBP transformed image of the cracked image, (c) original none cracked panel, (d)
LBP transformed image of none cracked panel.
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4.4.5 The Histograms of Oriented Gradients

As described in section 3.4.3, HOG is a feature descriptor extracted densely at each pixel used originally
for pedestrian detection [72]. Unlike LBP, HOG uses local intensity gradients and edge directions for
discriminating objects in visual images. Thus, HOG captures the directionality of texture features and
might discriminate the crack edges in their directionalities. We implemented HOG slightly different
than the original paper on pedestrian detection. The whole input image is divided into three by three
equal rectangular cells, and then the gradient magnitude and edge directions are calculated at each pixel.
A histogram of 9 bins (180°/9 = 20°) of the gradient magnitudes and directions (or edge orientations) is
formed for each cell. The cell histograms are concatenated to build a histogram of a total of 9X9=81
bins. The pre-processing step of contrast normalization of the local intensities is not attempted in
opposition to the original paper. Finally, the histogram (81 bins) is normalized (by dividing each bin by

the sum of all bins) as in other methods and fed to a classifier.

4.4.6 Partitioning-Based histogram of Linearity

The method described here is a modification of the linearity-based method described in the previous
section, 4.4.2. Inspired by HOG, we partition the input greyscale image into (3 by 3) equal blocks before
extracting the linearity feature. The experimental results show that partitioning the input image into
equal blocks improves the accuracy due to the increased dimensionality of the feature vector. We apply
the same procedure as before for extracting linearity features and building histograms for individual
blocks and apply different split sizes of the edge segments before calculating linearity. The nine
individual block histograms are concatenated into 9x1000 bins for use as a feature vector for input to a
classifier. Figure 4.16 below shows the partitioned ED output of cracked and non-cracked glass and

concrete images.

@ (b)

(c) (d)
Figure 4.16: Original and ED segments divided into nine equal boxes (a) cracked glass, (b) non-cracked glass, (c) cracked
concrete and (d) non-cracked concrete.

59



4.4.7 Partition-based Connected Pixel Configurations (Curvature)

Similar to the previous method, we partition the input grayscale image into nine equal blocks before
extracting the ED edges and calculating the histogram of the connected pixel configuration for each
block. Again, we apply the same procedure as before for calculating the 3PixelConf features and
building histograms for each block. Then, through concatenation of the individual partition histograms,
a histogram of a 9x64 dimensional feature vector is formed for the input to classifiers. The division of
ED edge detector output into nine boxes and calculating 3Pixelconf from each block is illustrated in

Figure 4.17.
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Figure 4.17: Division of the ED output of cracked glass panel into nine boxes and 3PixelConf calculations.

4.4.8 Partition-based ULBP Method

Like the previous two methods, we apply the partitioning of the input image or the ULBP code map of
the image into nine equal blocks prior to calculating ULBP histograms. Unlike other methods, we
partition the ULBP code map instead of the input grayscale image for easier generation of the ULBP
codes at the individual box edges. The block histograms of 58 bins are concatenated to build a feature

vector of 9x58 bins and fed to a classifier.

4.49 Deep Convolutional Network CNN based on Transfer Learning

In the following, we describe our CNN models based on transfer learning. Deep learning (CNN) models,
described previously in section 2.3, have recently gained much attention for their high performance in
many classification and recognition tasks. Usually, training a CNN model from scratch requires a large
dataset; however, using transfer learning techniques gives high performance on relatively small
datasets. In transfer learning, the CNN model is pre-trained on a big dataset, usually of natural images
such as ImageNet [37], and then used to classify the smaller dataset of the new task using transfer
learning techniques. The pre-trained CNN model already learned general features such as edges,
colours, and texture patterns and can be reused for feature extraction on the new dataset. Two CNN
architectures, VGG16 [145] and ResNet [146], based on transfer learning with the same architectural
parameter settings, are used for glass and concrete crack recognition. The choice of using VGG16 and
ResNet50 is to evaluate CNN architectures from two different families. The VGG16 has a sequential
architecture, while ResNet50 is a member of the ResNet architecture family using connection shortcuts

(skip connection) to allow very deep convolution layers. The deeper the convolution layers, the higher
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is training error, making it unuseful for very deep layers in the CNN architectures. The ResNet family
solves this problem by introducing a deep residual learning framework that uses skip connection
between the layers to allow low error rates in very deep convolutional layers, as in the case of ResNet50
architecture with its 50 layers. VGG16, on the other hand, is one of the very successful architectures

which wins the ImageNet Challenge 2014 and has 16 layers and small convolution filters of 3x3.

The two architectures are trained to classify 1000 different natural images; however, we modify the last
fully convolutional layer to classify two image classes. As described in section 2.3, there are two transfer
learning approaches: transfer learning by feature extraction and transfer learning by fine-tuning. Instead
of computationally expensive finetuning of the whole network on the new dataset, we used transfer
learning by feature extraction. In this type of transfer learning, the existing pre-trained convolutional
layers are used for extracting the features from our training and evaluation datasets and used to train
new fully connected layers designed to classify two image classes. Since the models were trained on
natural images (ImageNet), transfer learning by feature extraction may perform well when applied to
natural images of concrete and glass. However, it might need other considerations for other image types,
such as US images. The new fully connected layers include a flattened layer (25088 features), a dense
layer (256 outputs), a dropout layer of 50%, and one binary output as the last layer. The architecture of
our CNN-based models is shown in the following block diagram (see Figure 4.18) with the illustration

of the new fully connected layers:

Pre trained icti
Input Image Feature M Flatten Dropout Dense Prediction

Figure 4.18: CNN-based method showing the fully connected model layers.

4.5 Results and Evaluations for Glass and Concrete Images

In this section, we first describe our experimental setup and then present and discuss the results of our

proposed methods.

4.5.1 Experimental Setup

A five-fold cross-validations protocol is used to evaluate all hand-crafted feature methods, while a one-
fold validation is used for the CNN-based models. For the five-fold cross-validation in each of the folds,
80% of the data is used for training and the remaining 20% for testing. Depending on the experiment,
the accuracy (Ace), sensitivity (true positive rate) (Cracked), and specificity (true negative rate) (Non-
Cracked) are recorded for each of the folds. Then, the averages over the five folds' accuracy, sensitivity,
and specificity are calculated. The kNN classifier with k=10 is used in the handcrafted feature-based

methods; even though different values of k are tried, the k value of 10 produces better overall results.
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An SVM classifier gave slightly lower overall accuracies; hence, only the results of using kNN are

presented throughout the experiments for consistency.

As a computer, 64 bits windows PC with 16GB RAM and Intel Xeon W-2123 CPU are used to run the
experiments on hand-crafted features. Using the same computer machine to train the CNN models in
five-fold cross-validations proved inefficient, especially on the concrete dataset with a large dataset
consisting of 40000 images. Therefore, the experiments on the CNN models are restricted to a more
powerful server using only one-fold training and validations. However, the one-fold training and
validation are repeated twice using two different 80% to 20% and 60% to 40% training to testing
proportions to see the effect of the training size on the performance. The server machine is a 64 bits
Windows PC with 64GB RAM, Intel (R) Xeon E5-2670 CPU, and two NVIDIA GeForce RTX 2080
GPUs.

4.5.2 Histogram of Linearity Performance Measure

The five statistical moments described previously in section 3.4.1 are extracted from the histogram of
linearity features HOL to classify the cracked and non-cracked images. These moments are not entirely
independent; therefore, it is within this research's interest to determine each moment's and its
combination's performance. The division by range normalization (section 3.5) is used to mitigate the

differences in the moment’s scale before training the classifier.

Table 4.2 summarizes the average overall accuracies (five-fold cross-validations) for each of the five
moments calculated from the histogram of 1000 bins of Linearity values. We attempted splitting the
edge segments using different split sizes before calculating linearity, where split size =4 performed
better, hence the use of this split size in all experiments presented below. The five moments performed
equally well, and none of the moments can achieve high levels of accuracy alone. However, the entropy
H and the standard deviation ¢ perform slightly better than the remaining three moments due to the

reflection of the more uniform distribution nature of the linearity values.

Table 4.2: Linearity feature classification using statistical moments. split size=4

Statistical Moments for Linearity
Datasets
H g M3 My H
D4K 77 81 79 79 81
DHD 70 71 70 68 73
DG 84 82 82 83 82
ALL 78 80 77 76 81

The average accuracies using some of the combinations of moment pairs and all five moments on the
four datasets are presented in Table 4.3. Combining pairs of moments improves the accuracy
marginally, and combining all five moments does not significantly improve the accuracy. The mean
and standard deviation combinations perform slightly better than the others and almost the same as all

five moments together, showing that they complement each other better. However, there are different

62



levels of accuracy among different datasets, which may reflect the image quality. The accuracy of the

high-resolution datasets D4K and DG is higher than that of the low-resolution dataset DHD.

Table 4.3: Accuracy of some combinations of the linearity moments. Split size=4.

Datasets Pair of Statistical Moments
h&o) H&o) (U3 & pg) H&ps) (p&o&H&psz&p,)
D4K 81 81 79 82 82
DHD 76 75 69 74 75
DG 86 83 83 83 85
ALL 33 82 78 83 84

The edge segments produced by the ED edge detector have different lengths; therefore, splitting the
segments into equal pieces may impact the method's performance and hence requires more experimental
analyses. For this reason, an experiment is conducted using a range of split sizes starting from 3, as can
be seen in Table 4.4. The results reveal slightly higher accuracies when smaller step sizes around 4 or
5 are selected; however, there are no large drops in the accuracy when step sizes increase significantly.
Only results for one combination of moments are presented, whereas conducting the same experiments
on other combinations gave similar results. It is interesting to mention that the variation of accuracies

for lower-resolution datasets appears higher than that for high-resolution datasets.

Table 4.4: Sensitivity analysis of split sizes to classification accuracies (%) for linearity-based features.

Split size (H & o)
3 4 5 6 7 8 9 10 15 20 25 50 100 200 1000 2000
D4K |79 81 79 81 79 82 81 82 81 81 80 84 83 81 80 80
DHD (69 75 78 76 75 73 72 68 67 68 67 67 71 69 69 69
DG |71 83 83 83 84 81 83 8 77 75 74 72 74 75 74 74
ALL |77 82 83 82 83 8 83 81 76 74 76 77 78 76 77 77

Datasets

In the experiment presented in Table 4.5, we show the effect of partitioning the input image into nine
equal boxes on the method's performance. In contrast to the previous experiments, we present the
sensitivity (Cracked) and specificity (Non-Cracked) in addition to the accuracy (Acc). Further, the
experiment includes the concrete dataset due to expanding the project in a later stage to the concrete
crack recognition. For comparison, we include the experiment results of non-partitioning-based
methods in the tables. The results demonstrate that partitioning the input image improves the
performance of the linearity-based technique in all datasets of various significance. It shows further that
the best performance of the new partition-based approach may appear at different split sizes. The D4K
and DHD datasets achieved the best accuracy improvements, around 3% and 4%, respectively, using
step size 3. The improvements on the other two datasets were marginal. However, a significant accuracy
improvement of around 15% was achieved on the concrete dataset using split size 4. This high accuracy
improvement may reflect the existence of massive linear cracks, producing long ED edge segments

containing more linear structures when split into pieces, as seen in Figure 4.19.

63



Table 4.5: Results of non-partitioned and partitioned Linearity-based method.

Linearity-based Method
Non-partitioned (split size=4) Partitioned (split size=3) Partitioned (split size=4)
Datasets Acc  Cracked Non-Cracked Acc Cracked Non-Cracked Acc Cracked Non-Cracked
D4K 81 82 77 84 81 83 83 82 81
DHD 75 72 77 79 72 82 76 68 81
DG 83 85 79 84 88 81 85 88 82
ALL 82 83 82 84 86 81 85 85 84
Concrete 77 79 76 82 72 93 92 92 93

Figure 4.19: Concrete input image with massive crack and its ED output. Different edge segments are shown in different
colours.

4.5.3 Connected Pixel Configurations

The first experiment on the 3PixelConf method examines the discrimination power of the individual
connected pixel configurations. Figure 4.20 shows the level of accuracy of all 64 connected pixel
configurations for each of the four datasets. The results show a substantial number of configurations
with 50% accuracy, meaning that they do not have sufficient discriminative powers, while others do.
Following that, we examine the impact of deleting the configurations that contribute the least to the
classification from the feature vector (see Table 4.6). The results indicate that the average classification
accuracy can be as high as 87% when all configurations are combined into a single feature vector.
However, the same level of accuracy can be maintained when the less efficient individual configurations
are removed from the feature vector. For instance, we can see that even by removing the configurations
with accuracies lower than 55% from the feature vector, the remaining 32 configurations can still uphold
the same level of accuracy. It can be further observed that although the feature vector dimensionality is
reduced by 80% when only 13 best-performing configurations remain, the accuracy only deteriorates
marginally. However, the overall accuracy decreases significantly when the number of configurations
is reduced to three. The experiment results shown in Table 4.6 are done using the overlapping approach,
while Table 4.7 shows the results of the same experiment using the non-overlapping approach.

Comparing the two results shows a similar trend of accuracy degradations.

64



D4K Dataset

Accuracy %

45

30

15

0
1

10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64

Pixel configurations

Accuracy % DHD Dataset

90
75

45

30

15

0
1

10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64

Pixel configurations

DG Dataset

Accuracy %

45

30

15

0
1 4

10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64
Pixel configurations

ALL Dataset

Accuracy %

90
75

0 l” ” ” HIHIH 'I H ll 'IH H II ”Il'”ll” Il

10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64

— W A~ N
wm O wn O

Pixel configurations

Figure 4.20: Accuracy of each overlapped connected pixel configuration over different datasets.

Table 4.6: Classification accuracies (%) degradation when poorly performed pixel configurations are dropped from the
feature vector, bin probability normalized, overlapping approach for pixel configuration used.

Pixel configurations held in Feature Vector with individual accuracies
Datasets >0% 255% 260% >63% 265% 270% >75%
Bins:64 Bins:32  Bins:32 Bins:29 Bins:24  Bins:13 Bins:3
D4K 85 85 85 85 81 81 75
DHD 74 74 74 72 70 72 69
DG 87 87 87 84 83 83 74
ALL 84 84 84 82 79 79 71
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Table 4.7: Classification accuracies (%) degradation when poorly performed pixel configurations are dropped, Bin
probability normalized, non-overlapping approach for pixel configuration used.

Pixel configurations held in Feature Vector with individual accuracies
Datasets >0% >55% >60%  >63%  >65% >70%
Bins:64 Bins:32  Bins:23  Bins:16  Bins:14 Bins:1
D4K 84 84 81 80 80 50
DHD 74 73 70 72 72 50
DG 87 87 83 83 83 50
ALL 84 84 79 79 79 50

Fusion of Different Configurations

In the previous experiment, we used all 64-pixel configurations and a sub-set of them to build our
feature vector for input into a classifier. Here, we attempt to use individual pixel configurations for
classification and combine their predictions using the simple majority rule of decision fusion. An odd
number of best-performing configurations are selected for the fusion. The results in Table 4.8 below
show slight variations in the accuracy when different configurations are fused, with the top three
configurations giving the best overall accuracy. The accuracies on different datasets are lower than
when pixel configuration was fused at the feature level presented in Tables 4.6 and 4.7 earlier. The non-
overlapping approach of calculating pixel configurations (not presented here) gave similar but slightly

poorer results.

Table 4.8: Decision level fusion accuracies (%) using a different number of top-performing overlapped connected 3-pixel
configurations (Not normalized).

3PixelConf configurations fused at the decision level

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31
D4K 81 8 79 79 79 79 80 78 78 77 U7 77 75 I5 T4 4
DHD 69 72 71 70 70 69 69 68 67 67 67 65 65 65 64 63

DG 75 75 75 75 75 73 73 72 71 71 70 69 69 68 68 68
ALL 79 78 78 78 78 77 77 76 75 75 75 75 74 73 73 73

Datasets

As in the previous linearity-based method, we experimented with partitioning the input image into nine
equal blocks and calculated the histogram of all 64 3PixelConf configurations for each block separately.
Then a histogram of 9x64 bins is built by concatenation and fed to the classifier after normalization.
Again, the results of the previous and the new approach of the connected pixel configurations method

are presented for comparison, including results on the concrete dataset (see Table 4.9).

Table 4.9: Results of non-partitioned and partitioned-based work using 3-connected pixel configurations-based method.

3PixelConf method
Non-partitioned (Whole Image - 64 bins)  Partitioned (3x3 image blocks - 9x64 bins)
Datasets  Acc Cracked Non-Cracked Acc Cracked Non-Cracked
D4K 84 84 79 88 84 89
DHD 75 79 67 78 76 77
DG 87 86 87 87 89 86
ALL 84 88 79 87 85 87
Concrete 79 90 68 66 55 77
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An accuracy improvement of about 3-4% was achieved on the datasets D4K, DHD, and ALL; no
improvements could be observed using the DG dataset. Surprisingly, there is a significant drop of 13%
in the accuracy of the concrete dataset. This can be expected since the massive line-like cracks in the
concrete datasets are beneficial for the linearity-based method, while it is not for curvature-like features

such as 3PixelConf.

4.5.4 Performance of ULBP Feature

We investigate the effect of using different groups of LBP codes on the performance of the LBP-based
method by using the basic LBPs (256 bins), ULBPs (58 bins), and ULBP (56 bins) in the experiments
(see Table 4.10). The results show no significant differences between the method's overall accuracy for
the three LBP code groups. For instance, the ULBP (56) could uphold the same performance as the
other two feature vectors but with lower feature dimensionality making it lightweight for installation
on mobile devices. The results confirmed the higher efficiency of the ULBP histograms compared with
the basic LBP and the hypothesis that ULBP codes 0 and 255 do not contribute much to the
discrimination of the cracks. In fact, the two ULBP codes represent dark and bright spots in the image

and have no significant relevance to crack lines or curves.

Table 4.10: LBP Classification accuracy (%).

Datasets | LBP_ULBP (58) ULBP (56) (0 & 255 excluded)
D4K 91 91 91
DHD 91 91 91
DG 88 88 88
ALL 88 87 87

Discussing the effect of the LBP radius (see section 3.4.2) applied to different LBP code groups used
here is worthwhile. The LBP radius is simply the distance between the centre pixel for which the LBP
code is calculated and its neighbour pixels with which it is compared. All previous experiments use the
default radius 1, but in principle, any positive integer radius can be used. After conducting a few
experiments using a radius bigger than one, which is not presented in this work, it has been established

that the default radius (i.e., more local detailed texture patterns) yields the best level of accuracy.

Like other hand-crafted feature methods, we apply the image partitioning of the input image into equal
blocks of (3 by 3) on the ULBP-based method. Table 4.11 below shows the results of both partitioning
and non-partitioning ULBP methods. There is an increase in accuracy on all datasets when partitioning
is applied, except for the DHD dataset. The improvements are marginal for the DG and ALL and around
3.4% and 5% for the D4K and concrete datasets.
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Table 4.11: Experimental results of partitioning and non-partitioning based ULBP methods.

ULBP-based Method
Non-partitioned (Whole Image -58 bins)  Partitioned (3x3 image blocks - 9x58 bins)

Datasets Acc Cracked Non-Cracked Acc Cracked Non-Cracked

D4K 91.6 93.6 89.6 95.0 98.6 91.36

DHD 91.8 95 88.6 912 94.1 88.64

DG 89.2 939 84.7 894 949 83.91

ALL 88.2 91.6 84.5 89.2 919 86.27

Concrete  91.2  90.8 92.1 96.2  94.7 97.7

4.5.5 The Performance of the HOG-based Method

As explained in section 4.4.5, we use (3 by 3) equal rectangular cells to partition the input image prior
to extracting HOG to generate a histogram of 9x9=_81 bins from the concatenation of the cell histograms.
The results of the five-fold cross-validation experiments on all datasets are presented in Table 4.12

below.

Further observations of the results show that the method's overall accuracy on the glass is only
outperformed by the partition-based ULBP method. The method's performance on the concrete dataset

reaches the highest accuracy of 98%, outperforming all other hand-crafted features.

Table 4.12: Results of HOG-based method.

HOG Method
Datasets Acc Cracked Non-Cracked
D4K 872 96.8 77.3
DHD 884 923 84.1
DG 89.0 91.1 873
ALL 872 915 82.8
Concrete  98.6  98.2 99.1

4.5.6 Performance of the CNN Methods based on Transfer Learning

In the following, the experimental results of the two different CNN architectures based on transfer
learning by feature extraction for crack recognition are presented. Here, we are interested in knowing
how hand-crafted features compete against state-of-the-art Al techniques such as CNN. As mentioned
in section 4.4.9, the pre-trained convolutional layers are only used for feature extraction, while the new
fully connected layers are used for classification. The architectures are pre-trained on ImageNet, and
the new fully connected layers are trained on our glass and concrete datasets for crack and non-crack
classes. We use the more powerful computer with 2 GPUs on board to train and test these models using
one-fold instead of five-fold cross-validations. Tables 4.13 and 4.14 below show the experimental

results of the VGG16 and ResNet50 architectures, respectively.
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Table 4.13: Results of VGG16-based CNN.

VGG16 based Method
Datasets Acc Cracked Non-Cracked No. Image (Training, Testing)  Batch Size
D4K 97.7 97.7 97.7 (360, 88) 8
DHD 96.6 97.7 95.5 (360, 88) 8
DG 97.2 97.2 97.2 (1434, 360) 6
ALL 96.4 95.2 97.6 (1072, 264) 8
Concrete (80/20) 99.8 99.9 99.7 (32000, 8000) 8
Concrete (60/40) 99.7 99.7 99.8 (24000.16000) 8
Table 4.14: Results of ResNet50-based CNN.
ResNet50 based Method
Datasets Acc  Cracked Non-Cracked Image Nr. (Training, Testing) Batch Size
D4K 99.1 98.2 100 (360, 88) 8
DHD 97.7 95.9 99.6 (360, 88) 8
DG 98.3 98.0 98.6 (1434, 360) 6
ALL 96.9 96.5 97.3 (1072, 264) 8
Concrete (80/20)  99.88  99.95 99.8 (32000, 8000) 8
Concrete (60/40) 99.7 99.5 99.9 (24000.16000) 8

These results unsurprisingly demonstrate that CNN models outperform all the hand-crafted feature
models on all the datasets. In addition, the differences between specificity (Non-Cracked) and
sensitivity (Cracked) are very small compared to the handcrafted methods, where a significantly higher
specificity was observed across different methods. The high performance of the CNN can be explained
by the fact that CNN can pick various features at different scales, which discriminates the cracks better
than handcrafted methods based on single feature types. The differences between the performances of
the two CNN models are marginal in each dataset. The results also show little difference between
adopting different training/testing protocols used on the concrete dataset. However, the superior
performance of the CNN models over the hand-crafted features must be considered in the context of

their respective computational costs and requirements.

4.6 Discussions

In the following, we compare and discuss the classification performances of the different features. The
experimental results presented in section 4.5 demonstrate the feasibility of building excellent, safe, and
cost-effective software models based on ML algorithms for automatic crack inspection of glass fagades
and concrete structures, reaching a high level of performance. The single hand-crafted feature models
use one type of image feature to classify the input image, while the CNN models use feature maps
consisting of various textural and structural features at different scales. Among all models presented in
this work, CNN models based on transfer learning performed best on all datasets. The pre-trained
models learned different features, such as lines, corners, colours, and shapes, which may or may not be
relevant to the shape (structure) of the cracks. In the case of the glass panels, CNN may use structural
objects for the discrimination that appear on the glass surface due to the reflection of other nearby

objects (e.g., trees, neighbour buildings etc.). Concrete surface cracks, on the other hand, are confined
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in restricted regions of the image, which may lead to CNN detecting textures outside the crack region

for discriminations unrelated to the actual cracks.

While the HOG model outperforms all other hand-crafted single-feature models on concrete with an
accuracy of only 3% behind the CNN model, the ULBP model, among all other hand-crafted models,
achieves the highest performance on all four glass datasets. This behaviour can be explained by the fact
that glass crack features are best modelled by the local pixel intensity changes around the cracked
regions used by LBP. In contrast, concrete crack features can be better extracted by directionalities
(gradients in vertical and horizontal directions) of pixel intensity changes around the cracks used by
HOG. The performance of the linearity model on concrete with 92% accuracy is not far behind, while
the connected pixel configuration-based method is the least performing model, although it achieves
accuracies as high as 88% on glass datasets. Another interesting point is that, in general, the achieved
accuracies by all models are better the higher the image resolution. This observation is visible by
comparing all model's performances on the D4K and DHD datasets which are images of the same glass

panels at different resolutions.

The results also demonstrate that, for each method, partitioning the input image before feature extraction
enhances performance to varying degrees of significance. Another observation is that methods based
on analyzing the grayscale pixel intensities, such as ULBP and HOG, outperform other methods based
on analyzing the edges extracted from the grayscale images like linearity, curvature or connected pixel
configurations. However, making classification decisions based on the entire grayscale image runs the
risk of being influenced by potential artefacts. Such artefacts include reflected objects or the appearance
of objects behind glass panels, present on the glass surface, or by imperfections, such as dirt, paint, or
uneven surfaces, present on concrete surfaces, which are unrelated to the actual cracks. In other words,
other objects on the glass surface may contribute to the classification decisions rather than the actual
texture distortions caused by the real crack segments. This means that if some details on the input image
can be removed through, e.g., pre-processing operations while maintaining the details around the edge
and line segments, then using texture features such as HOG and ULBP may result in better classifiers.

A pilot experiment to test this idea is conducted in section 4.6.1.

Another interesting point, which is not being thoroughly investigated in this work, is the question of
fusing different types of features. In the proposed solutions, only individual features are taken on for
efficiency (perhaps the best-performing ones, i.e., ULBP and HOG). Nevertheless, fusion at the feature
and decision levels can be promising in further improving the performance, given that the different

individual features proposed in this work complement each other.

Further observation of the misclassification cases for the various methods shows that the two CNN
models had only one joint glass and three joint concrete misclassification cases. On the contrary, ULBP

and HOG models share many misclassified cases in glasses and concrete. There are minor same
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misclassification cases between any of the two CNN models and the HOG or the ULBP schemes for
the glass datasets and, to some extent, for the concrete dataset. In the case of the hand-crafted feature
models, these observations can be explained by differences in the extracted texture features, whereas in
the CNN models, it can be caused by the differences in the number and structure of convolution layers

which may result in some differences in the learned structural features.

Finally, as explained earlier, the hand-crafted model training/testing experiments could be run on a
cheaper computer using 5-fold cross-validations due to their lower computational costs. On the other
hand, training and testing the CNN models using the much larger dataset of concrete surface images
could only be run on the more expensive and powerful PC with 64GB RAM and two GPUs on board.
Moreover, although a 1-fold 80%/20% (60%/40) training/testing protocol on the concrete dataset was
used to test ResNet50, the task took 64 mins (48 mins). The corresponding execution time for VGG16
was 28.2 mins (20 mins). In contrast, the execution times for running the 5-fold cross-validation on all
glass datasets were doable, although it took much longer on a much bigger concrete dataset.
Accordingly, there would have to be a trade-off between accuracy and efficiency when an automatic

crack inspection is considered for deployment onboard UAVs.

Finally, because the Hough transform can detect objects such as lines and circles of different shapes,
we attempt to detect line-like objects from glass and concrete crack images using Hough transforms in
the initial stages of this project. However, it did not lead to any reasonable results due to the complexity

of the method.
4.6.1 Pilot Experiment on ULBP from Edge Segments

In the following, we describe using the ULBP feature extracted only from the crack edge segments. The
ULBP (56) codes (excluding the 0 and 255 codes) are extracted from ED edge segment regions of the
grayscale image and used to form a histogram for input to the classifier. For the sake of comparison,
the results of the pilot experiment (ULBP + ED) are presented alongside other hand-crafted features in
Table 4.15. Surprisingly, the results of the ULBP-based method applied only on the edge segments
(ULBP+ED) are consistently worse than those applied to the whole image. Nevertheless, the results are

still slightly better than the other two hand-crafted features of linearity and 3PixelConf.

Table 4.15: Comparison of the proposed features.

Datasets| ULBP UIiEBl;) * 3PixelConf Linearity
D4K 91 88 85 81
DHD 91 77 74 76

DG 88 86 87 86
ALL 87 82 84 83

One possible reason for the drastic deterioration of the results using ULBP of the edges could be related

to the ED edge detector. As explained before, the ED algorithm produces edges of one pixel wide,
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meaning that we consider only ULBP codes laying on the edge segments and ignore all other
surrounding pixels of the edge for the ULBP histogram calculations. Since the LBP algorithm is
susceptible to intensity changes in the local neighbourhood, considering pixel intensities on thin crack
edges reduces the discrimination power of the ULBP-based method. However, more research is needed
to confirm this interpretation, e.g., by expanding the ED edges by some morphological operations or
using other edge detectors such as Sobel and Canny, producing thicker edge segments including more

edge neighbouring local pixels.

4.6.2 Pilot Experiment on Bayesian Classifier based on Connected Pixel

Configurations

As a further pilot study, we attempted a Bayesian classifier based on connected pixel configuration for
discrimination of the glass cracks. First, we use a Bayesian classifier to predict the label of the input
image based on one connected pixel configuration at a time and then fuse the decisions made by 64
connected configurations. For realizing the Bayesian classifier, the mean of the frequency of the
individual pixel configurations is calculated over all training cracked and non-cracked sets. In the
testing step, the mean of the individual pixel configurations is calculated from the testing image and
compared to the two-target class mean frequencies calculated previously from the training set. The
predicted class of the particular pixel configuration is determined depending on how close its mean
frequency is to the two training mean frequencies of the two target classes. Finally, the predictions of
all or a subset of the 64-pixel configurations are fused to predict the final image label. As presented in
Table 4.16, the prediction accuracies were significantly lower than those using kNN classifiers using

the same 3PixelConf configurations.

Table 4.16: Comparison of the proposed features.

Datasets|3PixelConf (Bayesian Classifier)
D4K 70
DHD 72
DG 70
ALL 71

4.7 Prototype for the Automatic Glass Facade Cracks Recognition

The following presents a prototype tool for automatic crack recognition in glass fagades and concrete
surfaces. Although the tool could be used to recognize concrete cracks, it could not be used due to the
lack of a recorded video of concrete cracks. The tool is developed in C#.net as a side product of this
research. The tool takes a video of a surface to be inspected and shows the individual video frame IDs
recognized as cracked (in red) and non-cracked (in green) (see Figures 4.21 and 4.22). The prototype is
based on the 3PixelConf method, but any of the proposed methods can be easily integrated. The
inspected image (on the left of the main user interface) and its ED edges (on the right) are visualized in
real-time. The menu button LoadVideo is used to load a pre-recorded video. The video includes 24

frames per second, depending on the video format. It is not necessary to process every 24 frames in a
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second for crack recognition. Therefore, the menu Step can give the interval of the frame number to be
processed, i.e., it specifies how many frames should be skipped each time a new frame is processed.

The text box on the left show general information regarding the input video and the video format.

Each video frame takes roughly 0.5 seconds for crack inspection, depending on the feature type, PC,
and image/video resolution. The prototype has the potential to be installed on board a UAV for real-

time crack inspections with further improvements, especially in processing times.

]

LoadVideo Step

stop Continueo Automatic Glass Crack Recognition System

Video: DJI_0001_2_Cropped mp4
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Figure 4.21: Prototype: Automatic glass fagade crack recognition (no cracked glass panel recognized).

LoadVideo  Step

| swop Contio Automatic Glass Crack Recognition System

Video: DJI_0001_2_Cropped mp4
Resolution: (946, 1710)

Frame Rate 2398

Video Length 000047

Total Frames: (1134)

Cracked Frames: 20

Frame: 205 ==> Cracked!

e DO
EEL 5 -

Figure 4.22: Prototype: Automatic glass fagade crack recognition (cracked glass panel recognized).

4.8 Conclusion

This chapter presented novel solutions for automatic glass and concrete crack recognition. The solutions
are based on several purposely extracted features using linearity, curvature, fixed-length connected
pixel configurations, ULBP, and HOG to describe crack texture changes and shapes. The extracted

features are simple, of low dimensionality, and lead to robust classifiers to be trained from the feature
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spaces. Additionally, two CNN models based on transfer learning are introduced, and their test results
are compared with the hand-crafted feature-based methods. DL-based methods achieved the highest
performances; however, the simpler and less resource-demanding handcrafted feature-based methods
were not far behind, making them suitable for installation on mobile devices. The performance of
various handcrafted methods is improved by partitioning the input image. Evaluation results show that
each feature type can distinguish cracked glasses or concrete from non-cracked ones, with LBP-based

features giving the best accuracy on glasses and HOG on the concretes.

This research fills an apparent gap in the current work for glass fagade inspections from outside the
buildings and concrete surface inspections. The feature extraction and the classification are efficient,
evident from the performance of the prototype software. However, the methods are evaluated on
relatively small datasets collected from a small number of sources, as in the case of glass cracks.
Moreover, the methods only predict the class of the entire glass panel or concrete plate without giving

the severity of overall or individual cracks.

The next chapter discusses our second case study of abnormality recognition in medical images. More
specifically, we present automatic border irregularity recognition methods for thyroid cancer lesions
from ultrasound images whereby some of the features such as ULBP, HOG and HOL described here

are reused, and various new ones are introduced.

74



Chapter 5: Morphological Feature Analysis for Thyroid
Nodule Border Irregularity

This chapter aims to develop automatic AI models for recognising thyroid nodule border irregularity
from US scan images using morphological features from the nodule border. Automatic cancer diagnosis
by analysis of radiological scan images of body organs/tissue is a growing area of Al research. For Al
diagnostic schemes to be accepted and embraced by the clinical community, Al algorithms need to align
their predictions with certain indicator parameters/signs of malignancy used by expert clinicians in their
diagnostic efforts. One of these signs relevant to this thesis work is the nodule border abnormality in
the geometrical concept of curve irregularity. In this and the next chapter, we investigate, develop and
test the performance of traditional and deep learning Al algorithms for classifying thyroid nodule
borders in terms of irregularity as an abnormality using the US scans of the nodule. As much as possible,
we will avoid the heavy burden of accurate manual/automatic segmentation of the nodule border and
attempt to rely on the geometric meaning of irregularity based on interpolating a less-than-accurate
border curve using a sufficiently small set of border points marked by a radiologist. In this chapter, we
shall focus on Al models of irregularity based only on the interpolated border from ROI points, while
in the next chapter, we shall develop Al models of irregularity recognition by analysing texture
variations around the interpolated lesion border. Figure 5.1 give an overview of the various methods
presented in this chapter.

Border Irregualrity Recognition Methods Based
on ROI Points

S
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Figure 5.1: Summary of the Proposed Methods based on ROI points.
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We first present a method for border interpolation from ROI points in this chapter. Then describe several
methods based on border distances to different reference shapes. The distances are analysed in the
spatial and frequency domain and by TDA for irregularity recognition. In addition, a method inspired

by FD is proposed before the results are presented and analysed.

5.1 Introduction

Using US imaging in medical diagnostics is growing fast; however, there are various challenges in
analyzing US images due to generally being of low contrast exacerbated by the presence of acoustic
shadows and suffering from non-uniform distribution of speckle-noise. Nevertheless, deploying US
tissue/body scan images for early detection/diagnostic purposes and screening programs is cost-
effective and has obvious benefits. US imaging devices use high-frequency sound (ultrasonic wave)
transducers to send sound waves to the body's inner organs and build an image from the reflected sound
from the different body tissues. Due to the physical properties of the sound waves, unlike natural
images, US images are complicated to interpret. Therefore, US images need careful examinations from
experienced doctors and radiologists to determine the borders of different body organs and tissues.
These difficulties led to the need for ML models to support doctors in diagnosing different cancer signs,
including border irregularity of cancer lesions. For any ML methods to perform well in the assessment

task of cancer lesion border irregularity, the exact borderlines of the lesion must be known.

Compared to benign cells, malignant cells have an accelerated cell cycle resulting in invasive growth
and changes in cellular surface [147]. The onset of cancer results in gradual changes in the tissue texture
that have different characteristics to the growth of benign tumours manifested as significant
abnormalities in the corresponding US scan images. Such abnormalities are influenced by differences
between the size/shape/action of cancer cells and non-cancerous cells, as well as the tissue/organ inter-
cellular configuration, which facilitates intercellular control of tissue colour cell behaviour. Lesion
border shape/smoothness/irregularity is among the list of cancer signs internationally adopted by
various cancer-type imaging recording and data systems as indicators of malignancy. Although cancer
lesion border irregularity is correlated to malignancy, neither every malignant tumour has an irregular

border nor every benign tumour has a regular border [148].

Our reported handcrafted feature Al algorithms have been developed using datasets of US scan images
that are collected from hospitals in Shanghai/China. The ROI in the US images is marked by a set of
points to indicate the nodule border. The nodules are not segmented; consequently, any border
irregularity method must rely on the marked ROI points. The number of ROI points is rather small and,
in some cases, not precise enough to draw the exact border lines of the nodules. Instead of attempting
to deploy manual or automatic border segmentation, we opt to estimate the nodule border naively by

using bi-Cubic spline interpolation of the input ROI points. This interpolated border curve estimates the
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border contour and will be used to compute shape descriptors of the morphological properties for nodule

border irregularity discrimination.

Our proposed methods for border irregularity assessments are divided into two approaches: (1) methods
using only ROI points to analyse the border and (2) methods analysing the texture features around the
border. The methods based on the first approach are presented in this chapter, while the methods based
on the second approach are presented in the next chapter. The next section introduces a literature review
on cancer border irregularity signs and related works and describes the TI-RADS risk assessment
system widely used for thyroid cancer assessment. The datasets used for the evaluation are described in
section 5.3. Section 5.4 presents the proposed Al models for border irregularity recognition from
interpolated borders. The experimental setup and results are presented in section 5.5. Section 5.6

presents the result’s analysis and recommendations before concluding the chapter.

5.2 Background and Literature Review

In this section, we first introduce the TI-RADS score-based system widely used for thyroid diagnosis
and then describe various works reported in the literature on various cancer border irregularities and
related works.

5.2.1 TI-RADS Risk Assessment System

Thyroid Imaging Reporting and Data System (TI-RADS) is a risk-stratification system helping doctors
to classify thyroid cancer into malignant and benign nodules by assigning scores to their different
appearances in the US images [149]. Similar systems developed for other types of cancer, such as BI-
RADS for assessing breast cancer US images [150] and ABCD rule of dermatology widely used system
for skin mole assessment [151]. Thyroid nodules are frequent findings in neck US screening, but most
of them are benign. Consequently, many nodules need to be sent to the lab for a biopsy examination to
prove they are harmless. Therefore a non-invasive system such as TI-RADS is essential to provide a
standardized guide to support practitioners and doctors for malignancy assessment of thyroid cancer.
The degree of malignancy given by TI-RADS is categorized into benign, minimally suspicious,
moderately suspicious, and highly suspicious based on different US features. The five feature
categories: composition, echogenicity, shape, margin, and echogenic foci, are extracted from the US
images and evaluated to calculate the final score. The margin sign (or feature) is the concern of this part
of the thesis and deals with assessing the irregularity of the border of the nodule. The guide system
assigns scores to the various features, with more suspicious features given higher scores. Figure 5.2
below presents the TI-RADS scoring system where the examiner needs to choose one of the features
from each of the first four categories and all the features that apply from the last category. Summing up
all the points gives the level of malignancy which starts with TR1 (Benign) and ends with TRS (highly

malignant). The practitioners can then recommend biopsy or US follow-up according to the TR level
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of the nodule in addition to the nodule’s maximum diameter. In the following we describe each of the

features.

The composition feature describes the soft tissues and fluids content and their proportions in the
nodule [152]. It is divided into several subcategories: cystic (entirely fluid-filled), almost completely
cystic (more than 50% fluid), spongiform (filled with tiny cystic spaces), solid (consists of entirely soft
tissues), and almost completely solid (consists of more than 50% soft tissues).

Echogenicity is the ability of the body tissues to reflect the US waves [153]. The US structures are
characterized according to their echogenicity levels into categories; hyperechoic (white on the screen),
hypoechoic (grey on the screen), and anechoic (black on the screen). A higher number of points are
assigned to the grey (hypoechoic) regions, while black (anechoic) regions become no points according
to TI-RADS (see Figure 5.2).

The shape represents the ratio of the two axes of the thyroid nodule; three points are given if the nodule
is taller than wide; otherwise, no points are given.

The margin feature is concerned with the boundary of the nodule, which is categorized into
smoothness, irregular, lobulated, ill-defined, halo, and extrathyroidal margins. The smoothness shows
how well-defined or uninterrupted the edge of the nodule boundary is. An irregular margin which is the
focus of this part of the work, shows whether the outer border of the nodule is jugged, spiculated, or
has sharp angles with or without protrusions. The protrusions may differ in size and number. On the
other hand, lobulations are rounded border protrusions variable in number and size. The nodule border
is categorized as ill-defined if it is difficult to distinguish its border from the adjacent tissues. The halo
margin represents a dark rim around the border of the nodule, partially or totally covering the margin.
The extra-thyroidal extension is the last category in the margin feature, showing the nodule's extension
to the neighbouring soft tissues and, therefore, highly correlated with the malignancy of the nodule.
Echogenic foci is the last feature category, which refers to regions of higher echogenicity. Punctate
echogenic foci “Dot-like” foci become the highest score of three points. When calcification occupies
the periphery of the nodule, it becomes peripheral calcification. The large calcifications inside the
nodule forming macrocalcification indicate increased malignancy risk. A comet-tail artefact caused by

reverberating acoustic waves has no associations with malignancy.

The margin feature is particularly important since it includes margin irregularity which is the focus of
the current work. The irregular margin or lobulations in the nodule border indicate aggressive nodule

growth highly correlated to nodule malignancy.
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Figure 5.2: Sonographic features and associated points according to the American College of Radiology Thyroid Imaging
Reporting and Data System, or TI-RADS [149].

5.2.2 Related Work on Border Irregularity

This section reviews the existing work on border irregularity of thyroid and other types of cancer in
order to identify the main approaches. Only a small number of studies have been reported for the border
irregularity of thyroid cancer, compared to numerous works on the assessment of irregularity in other
types of cancer, such as skin moles and breast cancer. We first introduce the works on thyroid and breast
cancer since they are both based on US images and then present the works on border irregularity

diagnosis of skin mole from dermoscopic images.

5.2.2.1 US Thyroid and Breast Cancer Recognition

In the following, we describe some of the works reported on thyroid and breast cancer recognition. We
will focus more on reported works on breast cancer since much more research is being reported than on
thyroid cancer. We remind the reader that most of the works reported are not concerned with classifying
the cancer border into regular and irregular borders; instead, the classification is done into malignant

and benign using different features, including border irregularity.

e Thyroid Cancer Recognition

The first paper reviewed in this part classifies US thyroid nodules into smooth (regular) and irregular
borders by analysing nodule margin characteristics [154]. Different geometrical features (Convexity,
Solidity, Ratio aspect, Compactness, Circularity, Disperse, Tortuosity, and Rectangularity) are
extracted from the nodule margin and used for classification. Image noise and artefacts are removed
using an adaptive median filter and Speckle-Reducing Bilateral Filtering (SRBF). The nodules are
automatically segmented using morphological operations and active contour or snake. Methods
performance on 144 images of 64 smooth and 80 irregular US images achieved an accuracy of 92.30%,

sensitivity of 91.88%, and specificity of 92.73%. However, the source and description of the dataset
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used in the experiments are not given. In another work, the box-counting FD method is used to analyse
thyroid ultrasound images using Fractalyse Analysis 2.4 software [115]. A range of FD values is
calculated for benign and malignant thyroid images. Different ranges of FD values were observed for
benign and malignant thyroid cancers, which suggests the FD method is a good indicator for benign
and malignant cancer prediction. The methods are tested on a publicly available dataset of thyroid
nodules [155]. A fractal Brownian motion is used to measure the roughness of pixel intensities of
thyroid nodules for classifications of benign and malignant nodules [156]. The US images were pre-
processed by basic noise-reducing morphological operations and histogram equalization to standardize
the grey levels in the US images before calculating the fractal texture features. Experiments on 60 US
thyroid images show significant differences (p < 0.05) by comparing FD values of benign and malignant
nodules using the Mann-Whitney U test, which shows the high efficacy of using FD for roughness
estimation of thyroid nodules. The irregularity of the border region can reflect the surface roughness of
three-dimensional images where pixel intensity represents the third dimension, making the use of box
counting FD and Fractal Brownian Motion (FBM) potentially interesting for border irregularity

assessment.

e US Breast cancer Recognition

Some works on border irregularity assessments for breast cancer are presented in the following.
Irregularity features are extracted from the lesion boundary of breast cancer in US images and used for
malignant and benign classification [157]. Fourier coefficients are calculated from the distances of
contour points to the centroid of the lesion and used as an irregularity feature vector after transforming
to a scale and start point invariant. The feature is combined with multiple other sonographic features.
In total, 290 features are extracted from the ROI border and texture variations in the lesion and
combined into one feature vector using the staked vector approach for the classification. The
radiologists manually segment the lesion boundaries. The method was tested on 1599 benign and 2508
malignant cases, achieving accuracy, sensitivity, and specificity of 94.9%, 0.941%, and 0.958%,
respectively. The features' normalisation and discriminability levels should have been considered since
many of them are fused at the feature level. We have used a similar FFT transformation-based feature
extraction from border distances; however, we discriminate between regular and irregular nodule
borders in addition to using different features extracted from the Fourier spectrum (see section 5.4.9.1).
Another similar work has been done for malignant and benign recognition of breast lesions from US
images using Fourier Transform [158]. Fourier Irregularity Index (FII) is calculated from Fourier
coefficients using distance-based shape descriptors. The radial distances are measured from each
contour point to the image origin. The calculation of FII is based on the observation that the energy
distribution in the high-frequency regions of Fourier coefficients is greater in cases of irregular than
regular lesion contours. The results of the proposed method are compared with previously reported

methods based on compactness, FD, Fourier factor, and the fractional concavity extracted from the
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contour of the lesions. The FII method outperformed all four methods achieving an accuracy of 96%.
Both above-described FFT-based methods rely on manual segmentation of the lesion boundary in

contrast to our work based on border estimation from ROI points.

Pereira et al. [159] extracted seven features from the contours of breast cancer lesions and ranked them
according to their high malignancy discriminability using Stepwise Linear Discriminant Analysis
(SLDA) and Mutual Information (MI). After feature extraction from the convex polygon and the
normalised radial distances of the lesion contour, MI and pairwise feature correlations were computed.
The experiments were done on a dataset of 77 malignant, and 69 benign tumours with the borderlines
segmented semi-automatically. Even though the features were not used directly for classification (by
demonstrating their accuracy, for example), their relevance to the malignancy is described. In another
work, several features are derived by measuring the radial length of the tumour contour for benign and
malignant breast cancer classification [160]. Stepwise logistic regression (SLR) is used to assess the
features' significant (p-value) correlations in discriminating 40 benign and 71 malignant US images
segmented manually. The three most significant features are selected and used for the classification,
achieving accuracy, sensitivity, and specificity of 91%, 97.2%, and 80%. The proposed method relies
on manually sketched nodule contours, which might not be accurate enough in addition to the relatively
small dataset. The work in [161] compares linear and nonlinear machine learning algorithms for
classifying malignant and benign thyroid nodules. Several features, including margin and shape (regular
and irregular), are extracted from US images and ranked according to their discriminability. The
experimental results show no significant performance differences between the two types of machine
learning algorithms. The performance of machine learning algorithms is compared using the mean of
the area under the curve (AUC), and the confidence interval (CI) of 1000 iterations of training/testing
splits of the dataset. The nodule shape was ranked second important feature after the calcification
according to their mean decrease in Gini. This shows the relevance of the border shape to the

malignancy of tumours.

5.2.2.2 Skin Mole Cancer Recognition from Dermoscopic Images

The works on skin moles cancer recognition are discussed in this section, with some of them being
presented in more detail due to their strong relation to our research on recognizing border irregularity
of thyroid cancer nodules. Unlike the two above-described cancer types, skin mole assessments are
based on the dermoscopic imaging modality, which is coloured photos of the skin mole, like regular
photos. Nevertheless, the segmented border coordinates of the mole can be assessed for irregularity
using the same machine-learning technics used in other types of cancer. Similar to TI-RADS and BI-
RADS cancer diagnosis systems, the ABCD rule for dermoscopy is used as a guideline system for skin

mole assessments.
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The first work reviewed here is a new method proposed to detect skin mole border irregularity [162].
The method steps include image enhancement, mole segmentation, borderline function estimation, and
irregularity assessment. Due to the strong synergy of the work to our distance-based methods for thyroid
border irregularity recognition, the steps are explained in detail. The mole is rotated before building the
borderline function by rotating the major axis of the mole at a certain angle a so that it is parallel to the
horizontal line (see Figure 5.3 a). For building the borderline function, the bounding box around the
mole and the centre of mass (the intersection points of the two diagonal lines) are drawn (see Figure 5.3
b). Then, the border distances are measured for the four border regions separated by diagonal lines. The
distance function (see Figure 5.3 d) is derived from Euclidian distances measured from border points to

the individual bounding box edges (red arrows Figure 5.3 c). Such distance functions are descriptors of

the tumour morphology.
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Figure 5.3: Borderline function for a skin mole (a) defining the major and minor axis of the mole (b) dividing the mole into
four regions (c) border distance to the image edges (d) building distance function [162].

The final irregularity index is calculated by counting the turning points of the borderline function. A
dataset of 350 skin mole images containing 280 benign and 70 malignant cases is used for the
evaluations achieving accuracy, sensitivity, and precision of 92%, 91%, and 89%. The proposed
irregularity measure showed superior performances over the state-of-the-art methods based on radial
distances. Contrary to our work, the mole boundary is segmented automatically using a seeded region-
growing algorithm. We use similar borderline distances to assess mole border irregularity; however, we
measure the distances to different reference shapes (fitted ellipse, Gaussian shape, convex hull, and

fitted ellipse from convex hull) in addition to the centroid as a reference point.

82



Six different FD methods are used and compared for irregularity assessments of skin moles from
coloured photos (dermoscopic imaging modality) [163]. It is interesting to mention that the reduction
of the effect of inaccurate mole border segmentation is attempted by assessing the pixel intensities
around the borderline using the fractal Brownian function, which could present an interesting extension
of our FD-inspired method presented in section 5.4.10. The FD based only on the borderline is compared
with the FD based on the pixel intensities around the mole boundary. The evaluation results of the
proposed methods on a dataset of seven benign and seven malignant mole images show differences in
FD p-values calculated using different methods for normal and abnormal moles suggesting that FD is a
good indicator of border irregularity. The methods proposed in [114] utilize the pixel intensities in skin
moles to calculate FD. Different methods of Differential Box Counting (DBC), horizontally smoothed
DBC (HDBC), vertically smoothed DBC (VDBC), and multi-fractal DBC (MULTI) are used to
calculate FD, where MULTI-based FD performed the best.

Next, we describe the work presented by Lee [164] for border irregularity assessments of skin moles
that has a great deal of synergy/similarity with our work in border irregularity assessment of thyroid
cancer. The work categorizes the border along the mole boundary into textural and structural
irregularities. The textural irregularity is small texture variations along the border, while the structural
(also called global) irregularities are indentations and protrusions of the mole boundary. Structural
irregularities suggest uncontrolled growth of the mole and, therefore, are highly correlated to the
malignancy of the mole. The roughness of the mole boundary is measured using a simple index called
Sigma-Ratio (SR) derived from a sigma value needed for a Gaussian filter to remove all concavities
from the borderline divided by the length of the border. The protrusions and indentations are detected
using zero crossings of the curvature values along the boundary. In the second irregularity index:
extended curvature scale-space, the zero crossings of partial derivatives of the curvature along the
border are used to detect all concavities along the borderline. The most significant (MSII) and overall
irregularity (OII) indexes are calculated as new measures for all structural irregularities along the mole
boundary. MSII represents the border's largest indentation/protrusion segment, while OII is the sum of
all indices calculated from all detected indentations and protrusions. The two irregularity indexes with
three other common shape descriptors, compactness index (CI), FD, and Structure Fractal Dimension
(SFD), are evaluated on 40 automatically segmented moles. OII achieved the highest accuracy among

all indices using the clinical evaluations of 20 radiologists as a benchmark.

5.2.2.3 Ground Truth Predictions and Inter and Intra-observers Variability

Medical image analysis, particularly US cancer image analysis, does not have a unique ground truth, in
contrast to many other applications. The work in [165] has experimented with inter and intra-observer
variabilities in the description of US features of thyroid cancer, including nodule margin. In the study,

benign and malignant nodules were analysed by five radiologists at six-week intervals. The Thyroid
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Study Group of the Korean Society of Neuroradiology and Head and Neck Radiology
(TSGKSNRHNR) guideline is used in the analysis instead of the TI-RADS scoring system. The study
calculated the interobserver agreement between different radiologists using Cohen’s kappa statistics (k)
for different cancer signs. The degree of agreement for irregular shapes was low, giving k= 0.26,
whereas the agreement for other cancer signs was generally higher. Another work describes the values
and limitations of various sonographic features from thyroid US images [148]. The sensitivity of the
different US features for detecting thyroid cancer malignancy is reported. A high sensitivity variation
between 7% to 97% is reported for an irregular margin or boundary of the nodule. This suggests that
even though border irregularity and nodule malignancy are strongly correlated, not all irregular border

nodules are cancerous, and vice versa.

In our abnormality investigations, we observed the effect of this inter- and intra-observer variability on
the performance of our schemes. Therefore, we shall develop our schemes by training samples labelled
by one radiologist but will be tested with class labels annotated by other radiologists. This may help
explain different views of the radiologists and consequently results in ground truth-dependent
performances for our schemes. Note that inter- and intra-observers ground truth labelling is not a

problem for our case study of building material cracks recognition.

5.2.2.4 Summary of Literature Review

In general, the existing techniques for irregularity classification/assessment described above are based
on measuring radial distances of the border points from a reference point or reference shape or edges
such as bounding box edge and subsequent irregularity extraction from the distances function. Other
methods use single feature values such as FD or CI from the cancer mass boundary to recognize
irregular cases or are used for discriminating malignancy of cancer. The FD can be extracted from the
lesion borderline or the pixel intensities around the border. Some methods use curvature with Gaussian
smoothing of the borderline to detect protrusions and indentations for deriving an irregularity index.
The reviewed border irregularity recognition has a welcome guiding influence on our investigations,
but all assume the input of highly accurate manual/automatic lesion border segmentation. Thus, two
approaches can be identified in the literature: (1) distance-based functions between the segmented
borders to reference shapes/objects (lesion-box edges or lesion centroid) and (2) FD estimation of the

lesion border. The distance function is further analysed in the frequency domain.

Our Al-based border irregularity investigations start, in the next section, with the process of
constructing a naive approximation of the thyroid nodule border using the input ROI points instead of
an accurately segmented border. We shall discuss and illustrate the various shortcomings of this
decision and ways of preparing this assumed nodule border to be used with the least amount of bias due
to variation in the nodule size and number of labelled ROI points. We shall then consider various ways

to define distance functions in terms of the interpolated nodule border, develop related methods for
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irregularity recognition in both spatial and frequency domains, and conduct experiments to test their
performances. We shall then develop FD-inspired approaches and discuss their performances with those
of the various distance function-based approaches. Finally, we shall present a comparison of the

performance of all the proposed methods.

5.3 Dataset and Data Preparation

Over the previous three years, TenD project participating hospitals generated two datasets of thyroid
US scan images labelled with regularity/irregularity characteristics, whereby each nodule border is
marked with ROI points, and no border segmentation was provided. Two datasets of 395 and 100 cases
are used to evaluate the proposed methods. The first dataset DS(395), is used as internal training and
testing set, while the second dataset DS(100), is used as an external testing set. The datasets are

described in the followings.

5.3.1 Internal Dataset

The dataset was collected from one of the hospitals in China, and one specialized doctor marked the
ROI points. The dataset was collected from 2020 to 2021 in Renji hospital in China (Shanghai) and

labelled by two doctors, where the labels: Regular and Irregular were given.

Table 5.1: Internal dataset.

DS(395) Dataset
Label No. of Cases
Regular 181

Irregular 214
Total 395

The dataset is almost balanced, with 33 more irregular than regular cases, as seen in Table 5.1.

Statistics of Internal Dataset:

Variations in lesion size may have an adverse impact on the performance of the proposed ML methods.
Therefore, in the following Figure 5.4, we show the distribution of the lesion sizes across the internal
dataset DS(395). The sizes are calculated in pixels by simply counting all pixels lying inside the
boundary of the lesion. The size range varies from 538 pixels for the smallest lesion to 185340 pixels

for the largest lesion.
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Figure 5.4: Size distribution of the lesions across the internal dataset.

As mentioned earlier, the number of the ROI points of the different cases in our dataset varies. Since
the majority of our algorithms for detecting irregularities rely on the ROI points, it is interesting to know

how the number of ROI points is distributed among our datasets, as shown in Figure 5.5 below.

No. ROI vs No.Images

—_ [ ) )
w S 93

No. of Images
S

0 .I‘h

v—'ﬁ‘OON\OO\m 0~ —
— AN AN en < < o~

Figure 5.5: Distribution of the number of ROI points across the DS(395) dataset.

It is also interesting to know the distribution of the lesion sizes with respect to the two regular and
irregular classes. Figure 5.6 below shows each class's size distribution in different colours, where the
dots represent individual US cases. It shows almost equally distributed nodule sizes among the two

classes, i.e., there is no correlation between the lesion size and the irregularity class.
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Figure 5.6: Size distribution among the two irregularity classes.

5.3.2 External Dataset

The dataset of 100 US thyroid cancer images is also collected from one of the hospitals in China and
denoted as DS(100). Unlike DS(395), this dataset is provided with separate class labels assigned by
three doctors (A, B, and C). Table 5.2 below shows the number of cases labelled as regular and irregular
by each of the three doctors. Due to the different nature of the dataset and its small size, we use this

dataset as external testing set to evaluate methods trained using the internal dataset.

Table 5.2: Three doctors' labels for DS(100).

DS(100) No. of Cases
Regular and Irregular

Label DrA DrB DrC
Regular 44 40 49
Irregular 56 60 51

Statistics of External Dataset:

Since three doctors label the external dataset DS(100), knowing how many labels are agreed upon
between all and each pair of them is interesting. Generally, the number of agreed irregular cases is
higher than the agreed regular cases (see Table 5.3), possibly due to a slightly higher number of irregular
cases labelled by each doctor. Several graphic representations of the statistics of the external dataset
similar to the internal dataset are attached in appendix A. The statistics show similar distributions of the
cases regarding their sizes, the number of ROI points, and their class labels compared to the internal

dataset.
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Table 5.3: Agreed ground truths between the doctors.

Agreed labels among all three Agreed labels among doctors
doctors A&B

Label No. of cases Label No. of cases

Regular 30 Regular 30

Irregular 43 Irregular 46

Agreed labels among doctors Agreed labels among doctors

A&C B&C

Label No. of cases Label No. of cases

Regular 39 Regular 37

Irregular 46 Irregular 48

5.4 Proposed Methods

Figure 5.7 below shows an overall workflow of our methods for border irregularity recognition of
thyroid nodules. As the first step, the borderline is approximated from the ROI points, and new fixed-
length border points are sampled. Then, the methods either (1) use a distance function measured from
the sampled points to different references for analyses in spatial and frequency domains before feeding
into a classifier or (2) based on measuring the perimeter of the interpolated border at different scales

(FD-inspired) an irregularity index is extracted for use as discrimination feature.
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Figure 5.7: Workflow overview of the methods for thyroid nodule border irregularity.

In the following sections, we present the method for borderline approximation from ROI points with

two sampling methods and then introduce our proposed methods.

5.4.1 Lesion Border Approximation

The use of Al for analysing US scan images of cancer in terms of disease-related abnormalities has only
become possible in recent years. This fact explains the lack of sufficiently large datasets that have been
prepared for machine learning. Although hospitals have been using US scan images for a much longer
time, and some may have plenty of such images, the recorded images are not readily usable for training
Al algorithms. If they exist, preparing such datasets requires manual, laborious, time-consuming, and
error-prone lesion segmentation and labelling, while most health services have an acute shortage of
well-trained radiologists and clinicians. Automatic segmentation for such existing datasets is
unrealistic, as we still need sufficiently large samples to have been accurately segmented and labelled

for the intended abnormality analysis. Hence, the TenD collaborative initiative opted to construct new
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purpose-built datasets of US lesion scan images. Clinicians in various participating hospitals support
preparing the scanned cancer nodules by clicking on a set of ROI border points and labelling cancer's
various malignancy signs. For the speed of operation and due to the earlier mentioned challenges in
segmenting the US scanned legions, we decided not to wait until a fully automatic lesion segmentation
becomes available to conduct our research into border irregularity Al schemes. Instead, we use the
clinician’s labelled ROI to estimate an approximate lesion border curve that goes through the border

using mathematically available interpolations techniques.

The most straightforward technique is linear interpolation, equivalent to the polygonal shape obtained
by drawing straight lines between successive ROI points when scanned in a fixed orientation starting
from the agreed starting point. However, it is highly unlikely that this result in a reasonable border
approximation. Quadratic and higher-degree polynomial interpolations are possible and may better
approximate the lesion border than the linear case. However, the higher the degree, the more
computationally inefficient the interpolation becomes. Due to variations in the number of ROI points,

the use of the well-known BiCubic spline interpolation is a more realistic compromise.

Cubic spline interpolation is a mathematical method used to smoothly connect (interpolate) a set of
points, i.e., to create new points from the spline function of a set of existing points. It associates a set
of cubic curves fitted to successive pairs of points with the condition of continuity and smoothness at
the common points. The spline function is defined piecewise by cubic polynomials, provided in Matlab
and Python libraries, and used in our border approximation methods. We need to remember that in
relation to our use of cubic spline, we are not using any pixel intensity values, i.e., it is designed for
points in a 2-dimension form. However, there are versions of cubic spline in 3 dimension space.
Nevertheless, for simplicity and to avoid reliance on intensity values that could be variant on the ROI

marked points, we use a 2-dimensional version of the cubic spline.

Several challenges must be addressed before training and testing any particular Al model on the input
of the interpolated borders for determining lesion regularity/irregularity characteristics. One issue with
using distances as feature vectors for input to an Al classifier is the different lengths of the distances
function due to the different numbers of the ROI points for the different lesions. Since the classifiers
require the input feature vectors of equal length, using the distance function approach necessitates re-
sampling interpolated borders with a fixed number of points. We shall now describe two sampling

approaches that output a fixed number of interpolated lesion border points.

5.4.1.1 Equi Angular Displacement Distances-based Border Sampling
We describe our first interpolated border sampling method of equal angular displacement (Equi-
angdisp). This sampling method first draws a circle; its centre is at the centroid of the ROI points, and

its radius r slightly longer than the longest distance between the centroid and the ROI points (see white
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dots in Figure 5.8 c). Then the circle is divided into n equal-sized sectors and determines the n points
(red squares Figure 5.8 c, d, and e) on the interpolated nodule border that intersects the straight lines.
For example, if n=90, the angular sectors subtend angles of 4° (360°/90=4°). Figure 5.8 illustrates this
process for a nodule border of high irregularity characteristics where the individual figures show: (a)
the original ROI points (red squares), (b) interpolated border from ROI points (green curve), (c-e)
angular border point selection starting from 0° (red line) and runs in the clockwise direction (blue line),
and (f) the final selected 90 points on the interpolated border. Our sampled points always start at the
same location and run in the same direction since the first sector (red line) starts at the same angle of 0°
and runs in the clockwise direction (blue line), which solves the issue of different starting locations and

directions of the doctor's marked ROI points across our datasets.

(b)

(d)
Figure 5.8: Sampling Interpolated Border Points using Equi-angdisp method.

®

This method works well for most images having elliptical shapes. However, for extreme shape lesions,
it might miss some areas exhibiting irregularity characteristics or pick more points in one section of the
border than others. Figure 5.9 below shows 2 cases of seemingly high irregularity characteristics. The

yellow arrows show the significantly large border sectors of empty sample points.

90



(c) (d)

Figure 5.9: Some issues with the Equi-angdisp method for sampling interpolated border points.

5.4.1.2 Sampling Interpolated Border at Equi Arc Length Steps

In the following, we describe our equal arc length (Equi-arclength) based method for sampling the
interpolated border points. Simple Euclidian distances along the borderline are used to solve the
abovementioned issues. As the first attempt to implement the method, the whole perimeter of the
borderline is divided by the number of the required interpolated border points to get the distance
between every two successive points (called step). Then, starting with the first point on the borderline,
the interpolated border points are picked in multiple step distances. However, there is a small tolerance
issue with the number of sampled interpolated boundary points depending on the size, shape, and
required number of points. Drifts in the distance measurements between every two successive points
due to the discrete nature of the digital images cause the error, accumulating along the borderline to a
total error and increasing the longer the borderline or the higher the number of required points.
Therefore, this way of sampling the interpolated border does not satisfy the requirement of an equal

number of border points across the dataset for building the distance function.

A recursive bisection method of border point selection is used to overcome this issue. As before, we
first measure the perimeter of the interpolated borderline. Then the middle point is selected by dividing
the whole perimeter by 2. This procedure creates three points; the borderline starting and end points
and the selected middle point. Now, the same procedure is recursively repeated on the two halves of the
borderline; the middle and starting point on the one hand and the middle and end point on the other
hand, creating for each of them a new middle point (see Figure 5.10). This procedure is repeated until
the required number of points on the borderline is selected. Due to the nature of the bisection selection,
the number of required points always needs to be 2™ where n is the number of the sections (i.e., if the

number of sections n=6, the number of selected points = 2° = 64 points). Figure 5.10 below shows a
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thyroid nodule with a different number of selected points at Equi-arclength using the bisection sampling

method.

(a) 2 sections = 4 points (b) 3 sections = 8 points (c) 5 sections =32 points

Figure 5.10: Bisection sampling procedure.

The bisection method for border point selections is precise in the number of selected points, opposite
to the previous naive way of measuring the distance between two successive points. However, through
the bisection point selection, the order of the selected new points along the borderline is distorted, which
are rearranged to the correct order by assigning some indexes to the sampled points. The method still
has issues with different starting locations and directions of border points, as seen in Figure 5.11 below.
In the figure, the blue dot marks the starting location, while the purple dot shows the direction of the
border points. In Figures a and b, the border point's direction is clockwise, while in Figure c is anti-

clockwise. These differences are caused by doctors who originally marked the ROI points.

(@ (b) (c)

Figure 5.11: Sampling interpolated border points using Equi-arclength steps. Border points starting location (blue circle) to
the direction of the purple circle.

A simple solution is to use angular distances to mark the border's starting point and then rearrange the
whole border points from the new starting point. We first draw a line from the centroid outwards at a
0° angle (white line in Figure 5.12 a), crossing the lesions interpolated borderline. Then, the intersection
point is marked as a new starting point (yellow point in Figure a). The points on the interpolated
borderline are now rearranged from the new starting point. The next issue to solve is to correct the
sampled border points sequence into one standard direction, which is clockwise in our case. Here, we
draw another line in addition to the line for marking the starting point at, for instance, 25° and mark the
intersection point on the borderline (dark green circle in Figure a). If the index of the green point in the
sampled points sequence is bigger than the starting point (yellow point), the border points are in the

right direction. Otherwise, the border points are in the opposite direction and need to be rearranged.
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Figure b presents the lesion with a corrected border starting point and direction, where the blue dot

marks the new starting point and the purple dot the direction.

(b)

Figure 5.12: Correcting the border starting point and direction after sampling interpolated border using the Equi-arclength
method.

5.4.2 Distance Functions for Border Irregularity Recognition

The concept of closed curve irregularity appears in diverse areas of science and art that rely on shape
analysis, ranging from curve drawing and curve fitting to fractal shapes. Very few planar closed
curves/polygons classes are perfectly regular, namely circles and convex polygons with equal length
sides and fixed internal angles of < 7. Cancer (benign or malignant) growth is highly unlikely to have
such strictly defined regular shapes, and therefore we need to extend the list of regular shapes by
including less restrictive conditions. Taking this relaxation of regularity conditions into account, we
determine the irregularity characteristics of a planar closed curve by investigating the frequency of
encountered changes to geometric parameters (e.g. direction, curvature, and discontinuity) computed
when the curve is traced in a specific orientation. To some extent, such characteristics of curve
irregularity can be measured by how much the curve deviates from bordering known “regular
geometric” shapes such as triangles, rectangles, regular convex polygons, circles, and ellipses. Such

regular shapes can be used as references to determine the irregularity characteristics of lesion borders.

A nodule-size-dependent set of ROI points determines our interpolated lesion border, and we use
several ways of identifying regular reference shapes to define distance functions. As a single point, the
centroid of the ROI points is the converging point of a sequence of concentric circles of decreasing radii
and is a simple candidate for regular reference shape. Other ROI-dependent reference regular shapes
that we will use in this chapter include: (1) the fitted ellipse of all the ROI points, (2) the fitted ellipse
of the convex hull corners of the ROI points, (3) and Gaussian curves fitting of the ROI points. For the
sake of completeness, we shall also include the ROI convex hull as a reference shape instead of using

the lesion inclosing box edges used in the literature (see section 5.2.2.2).

In the remaining part of this section, we describe the method of defining these various distance
functions, highlight the effects/shortcomings of using the corresponding reference shape, and discuss

different ways of extracting fixed-size feature vectors to enable the use of Al for irregularity detection.
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5.4.3 Distance Function from Centroid of ROI Points

The centroid can be calculated as a centre of mass or calculated by averaging all border point's x and y
coordinates. The latter one is used in our experiments. First, the required number of points from the
interpolated borderline are selected using any previously described border point sampling methods.
Then Euclidean distances between the border points and the centroid are measured and used to build a
distance function. Figure 5.13 below shows the distance function for the same nodule cases using both
methods of Equi-angdisp and Equi-arclength for sampling methods. Their distance function graphs are
slightly different but have similar turning points (see Figures b & d). The border points on the borderline
are more evenly distributed using the Equi-arclength than the Equi-angdisp sampling method. The effect
of the sampling method is more obvious around the elongation of the lesion on the right side. In the
case of Equi-angdisp sampling (Figures a), the elongation is captured by one or two sampling points,

while it is captured by more evenly distributed samples in the case of Equi-arclength sampling (Figures
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(c) Border interpolation using Equi-arclength sampling. (d) Distance’s function.

Figure 5.13: Building distances function from 90 interpolated border points.

Figure 5.14 shows several regular and irregular cases and their distance function graphs using the more
precise sampling method of Equi-arclength. We can observe fewer turning points in the distance graph
of the regular case (Figures ¢ & d) than in those of the remaining three irregular cases (Figures a, e, and
g). Further, the turning points or minima and maxima of the distance function curve of the irregular
cases are more frequent than the ones of the regular case, confirming abrupt turnings in the borderlines

of irregular cases.
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Figure 5.14: Distances function using centroid as reference for regular and irregular cases.

5.4.4 Distances Function for Irregularity Visualization

Another application of the distances function is its use for border irregularity visualization/localization.
The visualization is done by examining the profile of the minima and maxima of the distance curve.
For this, we will show some examples in Figure 5.15 that help design an appropriate analysis of the
distance functions. Figure a shows the distance function of an irregular case using the original ROI
points, i.e., without border interpolation, where the distance curve's minima and maxima (red pluses)
are used to illustrate the irregularity locations along the borderline, as it can be seen in Figure b. In

comparison, Figure ¢ shows the distance function of the same irregular case calculated from 90
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interpolated points on the border using Equi-angdisp sampling with irregularity locations marked by
red strips, as in Figure d. Figures e and f show a regular case with marked irregular locations. From the
three illustrated cases, we can observe (1) that the irregularity visualization using interpolated borderline

is more precise than using the original ROI points and (2) that a higher number of irregularity locations

are present in an irregular case than in a regular case.
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(a) Distance function of an irregular case with 44 original (b) Lesions border (green line), irregularity
ROI points. locations (red dots).

Distances (in pixel)
8

0 20 40 60 80
ROI points (index)

(c) Distance function of the irregular case with 90 (d) Irregularity locations (red strips).
interpolated points using Equi-angdisp sampling.

260

Distances (in pixel)
5 & 8 N %
g 8 8 8 8

8

0 250 500 750 1000 1250 1500 1750 2000
ROI points (index)

(e) Distance function of a regular case with 90 interpolated (f) Irregularity locations (red strips).
points using Equi-angdisp method.

Figure 5.15: Visualization of borderline irregularity using distance function from the centroid.

Figure 5.16 below shows the irregularity locations of another irregular case using Equi-angdisp and
Equi-arclength sampling methods for comparison. Both border sampling techniques reveal similar
irregular places, but the Equi-arclength method captures the location indicated by the yellow arrow in
Figures b and d, while the Equi-angdisp method does not. The yellow arrow location shows obvious

extreme turns in the borderline and can not be captured by the Equi-angdisp sampling method.
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Figure 5.16: Using the distances function to mark the minima and maxima and visualize the irregularity locations.

The simple measurements of the border distances to the centroid of the lesion might not be effective in
all cases of thyroid cancer, especially those with extreme shapes that include protrusions and/or
indentations of the border of the lesions. Examples of such lesions are illustrated in Figure 5.17 below,
where the yellow arrows show the borderline's elongations, protrusions, and indentations. Detecting
such anomalies is important when assessing border irregularity; therefore, we introduce further methods

for building distance functions based on different reference shapes.

Figure 5.17: Some irregular cases of borders with elongations, protrusions, and indentations using Equi-arclength sampling
method.

5.4.5 Distance Function to Fitted Ellipse

Since most cancer lesions have some elliptical shape, using a fitted ellipse of the ROI interpolated
border points as a reference for distance measurements might help avoid the abovementioned problems
and help detect the observed anomalies. It is anticipated that a fitted ellipse of the ROI border points
will accurately reflect the overall shape of the lesion and hence, the level of border irregularity. Two
methods are known for determining the fitted ellipse of any finite set of planar points: the least square
errors and the Singular Value Decomposition (SVD) method [166]. SVD of a matrix is commonly used

to solve general least square problems, including that of fitted lines and ellipses. An equation with
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unknown coefficients is obtained for each point in the set of points used for fitting an ellipse forming a
linear system of equations. The equations are arranged in a matrix and decomposed into S, V, and D
matrices by the method of SVD and solved by minimizing algebraic distances [166]. Figure 5.18 shows
three irregular cases along with their fitted ellipses (yellow curve) and measured distances (white lines)

using the Equi-arclength sampling method with 64 (number of section n=6) sampled points.

(b)

Figure 5.18: Using fitted ellipse as reference for building the distance function.

Computing the distance function depends on determining the Euclidian distance from each interpolated
border sample point to their nearest points on the ellipse. The distance can be determined using a
perpendicular line from the sample point to the ellipse’s tangent. Implementing this approach need
solving complicated quadratic equations. Instead, we use an iterative procedure by checking a series of
points along the ellipse boundary for the one having the shortest distance to the lesion's border point.
Figure 5.19 illustrates the procedure, starting with drawing a line from the border point (green dot Figure
a) to the ellipse's centre (white line Figure a). Then, the two intersection points of the line with the
ellipse boundary are marked (two light blue dots in Figure a). The distance from the border point to the

nearest intersection point is measured where the iterative search for the shortest distance starts.

The iterative search examines the distances (purple line Figure a) of the neighbouring points of the
intersection point (light blue dot) in both clockwise and anti-clockwise directions. When the distance
of the nearby neighbouring points is greater than the actual distance, the search stops in that direction
and continues in the opposite direction. The procedure ends when the distance from at least one of the
neighbouring points in both directions is greater than the actual one. Figure b below illustrates the final

measured distances as white lines.

(a) The shortest distance (purple line) (b) Final measured distances (white lines).

Figure 5.19: Distances from border points to the fitted ellipse for building distance function. Fitted ellipse (yellow curve),
ROI points (red dots), measured distances (white lines).
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In opposition to the centroid as a reference, the fitted ellipse can be used to determine border shape
abnormalities such as border protrusions and indentations. For that, each border point is examined for
being inside or outside the fitted ellipse. The points outside the fitted ellipse represent border
protrusions, while the points inside the ellipse represent the indentations. The more protrusions and
indentations a nodule has, the more irregular the border is. The severity of the irregularities could also
be measured by calculating the underlying areas between the protrusions/indentations and the fitted
ellipse boundary. Figure 5.20 below shows two irregular cases of thyroid lesions showing the protrusion
border points in red and the indentation points in blue. Six protrusions and indentations can be counted
in the first and ten in the second, but they are much smaller in size. It might be more informative to give
the distances different signs (negative or positive) depending on whether the actual border point lying
inside or outside the fitted ellipse before it can be used to form the distances’ function for the use as a

feature vector for the input to a classifier.

(b)

Figure 5.20: Visualization of border protrusions and indentations using fitted ellipse.

Finally, the distances function can be used in the same way as in the centroid-based distances to
visualize irregular locations on the lesion border. Figure 5.21 in the following illustrates the irregularity

visualizations of an irregular case.

20
ROI points (index)

(a) (b)

Figure 5.21: Using distance function from fitted ellipse to visualize locations of the border irregularity of an irregular case.

5.4.6 Distance Function to Fitted Gaussian

Although the distance function obtained from the fitted ellipse seems more informative than the simple
distances from the centroid, the ellipse may still not reflect the whole border irregularity of some lesions

of extreme shapes like the ones in Figure 5.22. The distances (white arrows) do not fully reflect the
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different lesions' elongation, protrusions and indentations shown. Therefore, a new Gaussian fitting

method is attempted to improve the method's performance in capturing such border irregularities.

(b) ©

Figure 5.22: Fitted Ellipse as reference shape for some lesion cases of extreme shapes.

The new fitting method uses a Gaussian filter to interpolate the ROI points or the points from the
interpolated border to build a Gaussian shape as a reference for the distance’s measurement. The
Gaussian fitted curve (yellow curve Figure 5.23) is a smoothly distorted ellipse nearer to egg shapes.
The same iterative method for finding the shortest distance between the border points and reference
shape, as described in the case of the fitted ellipse (see section 5.4.5), is used here to determine the
distance function. Figure 5.23 below shows the Gaussian fitting method applied to the same cases as in
the ellipse fitting shown in Figure 5.22 above. This way of determining distance is adequate for the
majority of lesion shapes, but in some cases (Figures 5.22 b and c), measuring border distance at the
points where the Gaussian shape border and the lesion border cross is problematic. Finally, the choice
of the Gaussian filter sigma value is challenging and, in our case, is solved empirically by testing a

range of values.

(b)

Figure 5.23: Fitted Gaussian method for some irregular cases of extreme shapes. Fitted Gaussian (yellow curve), border
points (red dots), and Interpolated borderline (green curve).

5.4.7 Distance Function to a Convex Hull

Besides the two previously described shapes, we investigated using another regular reference shape
corresponding to the convex hull of the ROI or border set of points. The convex hull is the most relevant
morphological representation of the lesion shape beside the entire ROI point set and can be used as a
reference for the distance measurement. The Convex hull of a set of points is the smallest convex
polygon that contains all the points in its interior or boundary. It has many applications in mathematics,

statistics, economics, and geometric modelling involving shape analyses [167]-[170] and the shape
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complexity description of a cancer lesion using convexity [171]. Although the convex hull is rarely a
regular polygon, we shall first adopt it as a polygonal reference shape for the distance measurement
from the sampled border points for border irregularity recognition of thyroid nodules. The use of
distances to the convex hull is a more realistic method than the distances to the bounding box edges that
have been used in the literature [162]. The distance between any of the sampled interpolated border
points and the convex hull can be obtained by computing their distances to the nearest convex hull edge.
Figure 5.24 shows some regular and irregular cases, illustrating the distances to the convex hull (see

white lines).

(b)

Figure 5.24: Convex hull (light blue curve) as reference shape for building distance function.

5.4.8 Distance Function to a Fitted Ellipse from Convex Hull

Besides the fitted ellipse of all the border points, we investigated using the fitted ellipse of a meaningful
subset of the border set of points. In particular, we are interested in the subset of border points forming
the lesion's Convex Hull corners. Fitting an ellipse on this subset of border points presents a more
realistic ellipse shape, especially for elongation cases. Figure 5.25 below presents three irregular cases
with both ellipse fitting on entire border points (Figures a, b, and c¢) and the subset of border points

forming the convex hull (Figures d, e, and f) for comparison.

Figure 5.25: Comparison of the fitted ellipse of the full set of the border points and the fitted ellipse of the subset of border
points forming the convex hull. Blue dots are the convex hull subset points.
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The benefit of using the convex hull subset of border points for fitting the ellipse is more evident in the
case shown in Figures ¢ & f with elongation on the right side. Also, the number of peels and their
centroid’s trace of the convex hull could show the complexity of the lesion's shape and give indications

about irregularities, which are described in one of the future works in the last chapter.

5.4.9 Feature Vector Representations of Distance Function

Classification of lesion borders using the various distance functions require the extraction of fixed-
length feature vector representations of these 1-dimensional curves. An obvious way to do so is to take
the distance function values at the fixed-size sample border points using one of the border point
sampling methods. In this case, we need to use the same fixed number of sample points for each image.
The cases depicted previously in Figures 5.13 and 5.14 show that for the same nodule, using different
sample sizes results in visually different shapes for the corresponding distance function curve.
Moreover, the shapes of the distance curves with the same sample size seem to distinguish between
benign and malignant lesions. These illustrations show that adopting fixed-size sample distance

functions is a sensible form of input to classifiers.

Using basic knowledge of the link between the shape of continuous single variable functions (the
distance in this case) can be summarized by the number of its turning points, i.e., local maxima, local
minima, and inflexion points. This could provide alternative feature vector representations of the
various distance functions defined above. We shall briefly describe such representation in the Fast
Fourier domain and concepts from the newly emerging Topological Data Analysis (TDA) paradigm

applied to single-valued functions.

5.4.9.1 FFT Feature Vector Representation

Fast Fourier Transformation (FFT) is a commonly used procedure in digital signal processing to analyse
single/multiple valued input signal functions into its frequency domain consisting of original frequency
components/sub-bands. For functions of a single real variable, FFT simply obtains a representation of
the function as a linear (possibly infinite) combination of a set of sine and cosine functions of different
amplitudes and frequencies. The principle of decomposing original signals into frequency components
can be used in many other applications beyond signal processing, including computer vision. Many
works have been reported using the FFT spectrum to determine the irregularity of the border of cancer
lesions such as breast cancer [157], [158]. In our case, we attempt to use the distance function calculated
from previously described methods as an input to the FFT for border irregularity recognition of thyroid
nodules. The distance function can now be interpreted as a signal composed of different frequency
components with different amplitudes. The various frequency components correspond to the high and
low border irregularities, which include small zigzags and large protrusions and indentations along the

lesion's border.
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The distance function must be prepared before using as an input signal into FFT. To illustrate this, we
use the simple distance function from the centroid for a synthetically generated perfect elliptic-shaped
lesion (see Figure 5.26). First, the signal must be shifted to the centre (value 0 on the y-axis) so that its
amplitude has symmetrical positive and negative parts (see Figure 5.27 a). This can be easily done by
calculating the minimum (minAmpl) and maximum (maxAmpl) of the signal amplitude (in our case,
distance function). Then, the whole signal (each distance value) is subtracted from the sum of the

minAmpl and half of the height (maxAmpl — minAmpl) of the signal (see equation 5-1 below).

maxAmpl — minAmpl)) (5-1)
2

Signal = Signal — <minAmpl + (

Next, for the FFT calculations to be more precise, the signal period is repeated several times (see the
original signal Figure 5.27 a and repeated signal Figure 27 b). The signal is then converted into a
frequency domain using FFT. Figures 5.27 a & b show the signal decomposed into frequency
components (frequency spectrum) for both original and periodically repeated input signals. We can see
from the figure the expected one frequency spike confirming that the original signal is composed of one
sinusoidal signal since the original distance function of the perfect synthetic elliptic lesion has a

sinusoidal form (see Figure 5.27 b).
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Figure 5.26: Synthetically generated perfect elliptical lesion and its distance function.
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Figure 5.27: Pre-processing the distance function for input to FFT.
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Figures 5.28 and 5.29 below illustrate the distance signals along with the FFT spectrums of several
regular and irregular lesion cases, where the signals are replicated seven times before transforming into
the FFT domain. The big jump in the distance signal for the case shown in Figure a represents the right-
side elongation of the nodule and is reflected in the FFT spectrum through the two high amplitude spikes
in the lower frequency range. The distance signal of the case in Figure ¢ has almost a sinusoidal shape,
as expected for a regular case; therefore, its frequency spectrum shows one high amplitude spike in the
lower frequency. The distance signal of the case in Figure e shows several small and big jumps
indicating a high irregular lesion reflected as several high amplitude spikes close to the low-frequency
region. Finally, the last case shown in Figure g shows many small and few big jumps in the distance
signal. Its frequency spectrum shows many high and middle amplitude spikes spread from the low to
the high-frequency regions, indicating an irregular border, although the small zigzags along the border
might not be considered an irregular case which may explain why the doctors labelled this case as

regular.

In the cases described above, we can observe that, in general, the more irregular the lesion is, the higher
the number of its FFT spikes. The significant (or global) irregularities, such as elongations on the
different sides of the lesion, are represented as high amplitude spikes in the lower frequencies. In
contrast, the little zig-zag (local irregularity) along the borderline is exhibited by the spikes in the higher
frequency. All these observations suggest that the FFT spectrum is a good feature for classifying regular
and irregular nodule borders. The frequency spectrum of the distances function can be used either
directly as a feature vector for input to a classifier or can be further processed for the search for

discriminative features. These will be investigated in the coming sections.
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(c) Regular case. (d) FFT spectrum.
Figure 5.28: FFT Spectrum of regular and irregular cases.
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(b) FFT spectrum.
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Figure 5.29: FFT spectrum of several regular and irregular cases.

The Number of Frequency Spikes as an Irregularity Indicator:

As explained before, there is a strong correlation between the number of frequency spectrum spikes and
their amplitudes and the border irregularity. Therefore, we investigate the number of spikes as a
discrimination feature for border irregularity. As mentioned in the literature review (see section 5.2.2),
some works have already reported using the FFT spectrum of distances function to extract irregularity
features from lesion boundary; however, they are used for benign and malignant classification [157],
[158]. The reported works use the FFT spectrum directly as a feature vector or calculate an irregularity
index from the spectrum. In contrast, we intend to use the frequency spikes in each of the lesion's FFT
spectrum as a feature vector. The high amount of tiny frequency spikes (see Figure 5.30) needs to be
removed from the spectrum before counting the number of spikes, for instance, by using a threshold.
Since the amplitude of the frequency spikes depends on the lesion size, there is a high amplitude
variation across our dataset. Therefore, the spectrum amplitudes need to be normalized before extracting
features by thresholding, e.g., by using normalization by range. The cases shown in Figure 5.30 include
normalized FFT spectrum, where the frequency amplitudes always vary between 0 and 1. Then, the
number of spikes can be counted by setting one or a range of amplitude thresholds. The number of
spikes for each lesion case can be extracted by counting each spike having an amplitude greater than a
threshold. For instance, using a range of thresholds from 0.02 to 0.2 generates ten spike numbers, which

can be used as a feature vector of length ten.
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Figure 5.30: Normalized FFT spectrum of some regular and irregular cases.

5.4.9.2 TDA Feature Vector Representation

Topological Data Analysis (TDA) is a recently developed paradigm of big data analysis that is based
on the assumption that data have shape. It provides a different insight than the data's other statistical or
geometrical analyses. The so-called TDA tool of persistent homology (PH) represents the data shape
by recording various connectivity parameters (connected components, non-contractable holes, non-
contractible tunnels, ...) in the shape when scanned at an increasing sequence of levels. For more details,
see [172]. When applied to distance functions, or any function of a single variable (considered time
series), the PH tool records the number of connected components (pieces of curves) seen up to each

level when the curve is scanned vertically from the lowest point.

The distances measured from nodule border points (ROI points) to any of the different references (such
as centroid, fitted ellipse, fitted ellipse from convex hull corners, convex hull, or fitted Gaussian) can
be turned into distances function curves, interpreted as time series, for the topological data analyses. As
two examples, distances from the centroid and fitted ellipse will be analysed using TDA, but using any

of the other reference shapes is the same.

o Distance Function from the Centroid

Figure 5.31 shows the TDA analysis of the distance function of regular and irregular thyroid cancer
cases. The Equi-arclength sampling method is used to select 90 points (red dots) from the interpolated
border (green curve). The interpolated border distances (white lines) are measured from the centroid.
The distance curve (blue dashed curve) is scanned using 10 (Figures b & e) and 20 (Figures ¢ & f)
distance thresholds for extracting TDA features. The thresholds are calculated by dividing the range
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from the highest to lowest distance values by the number of thresholds or windows (see red lines). In
the example shown in Figure b below, maximum distance =200, minimum distance =110, and the

thresholds (red lines) can be calculated using the equation 5-2. The ten thresholds are: (120,130,140,
150, 160, 170, 180, 190, 200, 210).

maxDist — minDist
number of thresholds

threshold = maxDist + (5-2)

The TDA analysis shown in Figure 5.31 starts with dividing the distance curve into equal horizontal
regions (windows) using equally distributed amplitude thresholds (see the red horizontal lines). Then
starting from the first threshold, i.e., from the first red line from the bottom, we count the number of
connected curve pieces visible from the red line downwards. Repeating the process for each threshold

produces one feature of the number of connected curve pieces. Thus using 10 and 20 thresholds produce

feature vectors of lengths 10 and 20, respectively.
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Figure 5.31: TDA analysis using distances from the centroid in regular and irregular cases.

The extracted feature vectors (number of connected curve pieces) of both cases described above are
presented in Table 5.4 below. In the irregular case shown in Figure a, using ten thresholds, only one
piece of the connected curve can be seen downwards from the first threshold line; therefore, the number
1 will be recorded. One connected curve piece is still produced using the second threshold line, while
two connected segments of the curve emerge at the third threshold line. The seventh threshold line
reveals a maximum of 4 connected curve segments. Interestingly, a higher number of connected curve

pieces can be observed in the irregular case compared to the regular one (see Table 5.4), which indicates
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the discriminability of the TDA features for border irregularity. This correlation between the number of

the connected curve pieces and the irregularity is still valid when 20 thresholds are used.

Table 5.4: Extracted TDA features using distance from centroid for regular and irregular cases.
Lesion TDA Feature vector (10 thresholds) | TDA Feature vector (20 thresholds)
Irregular | 1,1,2,3,3,3,4,2,2, 1 1,1,1,1,1,1,2,2,3,3,3,3,3,4,3,2,2,2,2, 1
Regular | 2,2,2,1,1,1,2,2,2,1 2,2,2,2,2,2,2,1,1,1,1,1,1,1,2,2,2,2,2,1

e Distance Function from the Fitted Ellipse

In the following (see Figure 5.32), we repeat the same procedure for TDA analyses of the distance curve
using a fitted ellipse as a reference, whereby absolute distance values are used. We apply TDA to the
same two cases used in the case of centroid reference described above for comparison. Generally, using
both centroid and fitted ellipse as a reference show similar trends and correlations between the number
of curve pieces and irregularity. However, the number of curve pieces in the case of the fitted ellipse is
higher due to more fluctuations in the distance function. This behaviour might change if positive and
negative values depending on whether the border points lying inside or outside the fitted ellipse are
used to build the distance function. Surprisingly, the two regular and irregular cases using fitted ellipse
show a very close number of curve pieces; however, their sequence pattern is different. We need to
indicate here that the distances are not normalized; therefore, we can observe high fluctuations in the
distance curve in the regular case shown in Figure d, although it has a very regular shape and distances

range from O to 1.75 pixels. Table 5.5 shows the features extracted using the TDA.
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Figure 5.32: TDA analysis using distance from fitted ellipse for regular and irregular cases.
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Table 5.5: Extracted TDA features using distance from centroid for regular and irregular cases.

Lesion TDA Features (10 thresholds) | TDA Features (20 thresholds)
Irregular | 8,9,9,9,5,3,3,3,2,1 6,8,8,8,9,9,10,9,8,7,3,3,3,3,3,3,3,3,2, 1
Regular | 10,6,6,5,4,4,2,2,2,1 9,10,8,6,6,6,6,5,5,4,4,4,3,3,2,2,2,2,2, 1

5.4.10 Method Inspired by Fractal Dimensions for Border Irregularity

Numerous studies have discussed the use of the FD to assess the roughness of a surface, a curve, or the
textures of cancer lesions, including thyroid and other types of cancer, for discrimination of benign and
malignant lesions (see sections 3.4.4 and 5.2.2). This motivated us to use an FD method to determine
the irregularity of the thyroid nodule boundary. We first introduce the original FD method for measuring
the roughness of boundaries and then introduce a method inspired by FD. As explained in section 3.4.4,
the original FD method measures the boundary of a shape, such as a cancer lesion, at different scales;
then, from the slope of the regression line of the log relation between the measured distances and the
scales, the FD value is calculated, representing the roughness of the boundary. We investigated using
the box-counting method for measuring FD of lesion border irregularity. For each image, one FD value
is calculated as described in section 3.4.4 and used as a discrimination feature for the regular and
irregular borders. However, the box-counting-based FD method of border irregularity did not give
satisfactory results. Therefore, we introduced a new method inspired by FD for border irregularity

recognition, described in the following.

The shortcoming of using the box-counting method to calculate the FD for the interpolated lesion border
may be due to the bicubic spline model, which may result in the curves having higher frequencies in
some places, especially for small lesions. We adopted a different approach for calculating a value
(FDindex) representing the roughness or irregularity of the nodule boundary. The new method was
inspired by comparing the interpolated nodule boundary perimeter with that of the regular fitted ellipse
at different scales. First, we calculate the perimeter of the lesion by summing the Euclidian distances
between every two successive points along the borderline. Measuring the perimeter at different scales
is realized by choosing a different number of sampled points from the lesion boundary at equal distances
using Equi-angdisp or Equi-arclength border point sampling methods (see sections 5.4.1.1 and 5.4.1.2).
An irregularity index (FDindex) is calculated at each scale by dividing the lesion's perimeter by the
ellipse's perimeter (see equations 5-3 below). Like the FD, the smaller the scale, the closer the calculated
perimeter of the lesion to the true value. Assuming a better fit of the ellipse to the regular lesion
boundary than the irregular one, the more regular the border, the closer the FDindex value to 1, and the
more irregular the border, the further the value is from 1. The FDindexes can be used as an individual

or a set of features for border irregularity classification for input to a chosen classifier.
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interpolated border perimeter (5-3)

FDindex =
tndex fitted ellipse perimeter

Many equations exist to calculate the perimeter of the fitted ellipse. In our case, we have used the
following equation introduced by mathematician Ramanujan [173], which approximates the ellipse's

perimeter.

(a —b)? (5-4)
“(a+b)?

r ~m(a+b)(1+ (5-5)

3h
(10 +v4 —3h)
Where h is a parameter calculated from major and minor axis a and b and r is the ellipse's perimeter.

Using different scales for calculating the perimeter of the lesion gives slightly different FDindex values
(see Figures 5.33 and 5.34). The two sampling methods for sampling interpolated border points did not
show significant differences in the FDindex values; however, in the case of extreme shapes such as
elongations, the Equi-arclength sampling method shows insufficient FDindex value under 1, which is

due to the ellipse not fitting well in this case (see Figures in 5.34 c).

(c) FDIndex: 1.1147 Irregular. (d) FDIndex: 1.1852 Regular.

Figure 5.33: Fractal dimensions for calculating irregularity index FDindex. Sixty points were picked from the border using
the Equi-angdisp sampling method.
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(b) FDIndex: 1.0548 Irregular.

(c) FDIndex: 0.9348 Irregular. (d) FDIndex: 1.1632 Irregular.

Figure 5.34: FD-inspired method for calculating irregularity index FDindex. Sixty points were picked from the border using
the Equi-arclength sampling method.

We also implemented a version of the FDindex method by using the Gaussian fitted curve and Equi-
arclength sampling method instead of the fitted ellipse due to a better fit of the Gaussian shape,
especially in the cases of extreme shapes (see Figure 5.35). However, due to the fixed sigma value, the
FDindexes of the regular cases are higher than many other irregular shapes, as seen in Figure 5.35. For
instance, the sigma value of 3 produces a small gaussian shape for the small lesion of a regular case
(see Figure a), while a large size irregular lesion creates a large gaussian shape producing a smaller
FDindex. In this case, to get realistic FDindexes using Gaussian shape, the sigma value needs to be
dynamic and dependent on the size of the lesion. For this reason, we are conducting experiments on the

FD-inspired method using only the fitted ellipse.

T —

(c) FDIndex: 1.2385. (d) FDIndex: 1.4705.

Figure 5.35: FDindex using Gaussian reference using fixed sigma value of 3 and 60 points were picked from the border
using the Equi-arclength sampling method.
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5.5 Experimental Setups and Results

In this section, we use the datasets described previously in section 5.3 to evaluate different proposed
methods for thyroid cancer irregularity. We first describe the experimental setup, including the training

and testing protocols and iterative classifier, before presenting and comparing the experimental results.

5.5.1 Experimental Setups

The general approach for testing and evaluating our methods is to use the bigger dataset of 395 images
with one doctor's class label as a training and internal testing set and the smaller dataset of 100 images
with three radiologists' class labels as an external testing set. The four potential protocols for evaluating

the proposed methods are described in the following.

5.5.1.1 Evaluation Protocols
We introduce the following four potential protocols for evaluating our proposed methods introduced in
this chapter and chapter 6. The protocols aim to balance the training data or to produce one model for

external deployment. Depending on the type of method certain protocol is used in the evaluations.

e Evaluation Protocoll
We used here the common evaluation protocol five-fold cross-validation that splits the dataset into
training and testing sets k times or k folds, where in this case, k=5. The protocol takes 20% of the entire
dataset for testing and the remaining 80% for training a model in each split. The data split is repeated
five times (five-fold) to ensure that every image in the dataset is used once in the testing. The average
accuracies, specificities, and sensitivities of the five folds represent the overall performance of the
models. Although all five models could be used for testing the external dataset by averaging their

accuracies, selecting one model for external testing is more convenient.

e Evaluation Protocol2
This protocol is similar to five-fold cross-validations; however, it balances the number of cases in each
of the two classes used to train the models. The whole minor class (regular) and the same amount of
randomly selected cases from the major class (irregular) are used to train the models in 5-fold cross-
validation. Then, the balanced splitting process is repeated five times (5x), where in each iteration, five
models of the five folds are generated, producing a total of 25 models. The average accuracies of the
25 models are used as the final performance measure. Because we are averaging the accuracies among

25 models, we face difficulty choosing the best model for testing the external dataset.

e Evaluation Protocol3

This new evaluation protocol aims to select one model that solves the issues of the previous two
protocols for testing the external dataset. In this protocol, we first randomly select 30% (118 images)

of the internal dataset DS(395) for internal testing. The remaining 70% (277 images) are randomly split
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into training and evaluation sets in 80% and 20% ratios, respectively. The random training/evaluation
splits are repeated 100 times, and the evaluation's accuracy, sensitivity, and specificity are recorded.
From 100 trained and evaluated models, the top 20 models having the highest accuracies, the model
with the smallest gap between sensitivity and specificity, is selected for evaluating the internal and
external testing sets. The number of regular and irregular cases for training, evaluation, and testing are
shown in Table 5.6 below. The flowchart shown in Figure 5.36 explains the steps for splitting the dataset

or the feature vectors (FV) into different portions of training/evaluation and internal/external testing.

Table 5.6: Number of cases in training, evaluation, and internal testing (protocol3).

Class No. Images Training& Evaluation Testing
Regular 181 127 (Random101T/26E) 54
Irregular 214 150 (Random 120/30E) 64
Total 395 277 118

e Evaluation Protocol4

This protocol is the same as protocol3, except it uses a balanced split of the regular and irregular classes
for training and evaluation; the ratio of the internal testing set remains the same. From the remaining
277 cases for training/evaluation, we mix the whole minor class (regular) with the same amount of
randomly selected images from the major class (irregular). Afterwards, the balanced image set or feature
vector is randomly split into 80% for training and 20% for evaluation. The remaining procedure is the
same as in protocol3. The selected model, as described before, is used for testing the internal and

external sets. Table 5.7 below shows the class ratios for the training, evaluation, and testing.

Table 5.7: Number of cases in training, evaluation, and internal testing (protocol4).

Class No. Images Training& Evaluation Testing
Regular 181 127 =»127 (Random101T/26E) 54
Irregular 214 150 =127 (Random 101/26E) 64
Total 395 277 118

The different protocols described above have each their benefits; however, we decided to use protocol3
for our handcrafted feature-based methods introduced in this chapter and most of the methods in chapter
6 since it produces one model that can be easily used for testing the external dataset or deployed in a
prototype for clinical trials. Since our dataset is nearly balanced, we did not deploy protocol4. For the
sake of comparison, the image IDs of the internal testing and the 100 splits are fixed across all the
experiments by setting fixed random seeds, i.e., the same images are used in internal testing and each
of the 100 splits. On the other hand, training 100 CNN-based models (see chapter 6) on different dataset

splits is time-consuming; therefore, we used the five-fold cross-validations (protocoll) in this case.

113



I The entire dataset

v

70% of the dataset randomly selected for
Training/Evaluation =» 277 images.

\ 4

* Select 30% of the dataset
»| Fori=Ito 100 randomly for internal Testing =
¥ 118 images.

Randomly Selected 80% for training and
20% for evaluation.

|
v v

221 training FVs (=101 + 120) 56 Evaluation FVs (= 26 + 30)

—

Train a classifier on selected FVs.
1
v
Evaluate the Classification Model on the

Evaluation set and record round i accuracy,
specificity and sensitivity.

Next i

\ 4

Select the best 20 accuracy models out of the

100 classifications. And then select the _| Classify the testing using
model with the smallest gap between - the selected model.

sensitivity and specificity .

A 4

Calculate Accuracy, Specificity
and Sensitivity using selected
model on the internal testing set.

Figure 5.36: Flow chart of evaluation protocol3.

5.5.1.2 Iterative Classifier

Evaluation protocol3 is used to assess the performance of most of the methods proposed in this work
for border irregularity recognition. However, some methods produce single feature values, which do
not perform well with conventional classifiers such as kNN or SVM. Therefore, a simple classifier
called Iterative Classifier is developed that uses an ideal threshold of the single feature to split the entire
dataset giving the highest accuracy. To find the ideal feature threshold, a range of feature values from
the minimum to the maximum, determined over the entire dataset, is used as the threshold to split the

dataset. For instance, the minimum and maximum feature value ranges are divided by 500, creating 500
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thresholds. The dataset or its feature vectors is split using each threshold, and the accuracy, specificity,
and sensitivity are recorded. Finally, from the top 20 highest accuracy thresholds, the one having the
smallest gap between sensitivity and specificity is selected. The selected threshold can then be used to
split the external testing set and calculate the accuracy, specificity, and sensitivity. The iterative
classifier is used to test the performance of FD-inspired and FFT-based methods when single features

are extracted for irregularity classification.

5.5.1.3 Hardware Setup
The same hardware described in chapter 4 for crack recognition experiments is used in this part of the
work. Contrary to the experiments in chapter 4, all hand-crafted and deep learning-based methods

evaluations in this chapter and chapter 6 are run on the windows server with two GPUs and 128RAM.

5.5.2 Experimental Results

In this section, we present the results of our extensive experimental work to determine the performance
of'the different border distance-based and FD-based schemes. The range of experiments was much more
extensive than presented here because, during the early days, we only had access to the first dataset
provided by a hospital in China, whose images were labelled by one single clinician, with four different
subclasses of regular and irregular cases. The results of those experiments are not presented here but
are available in an accompanying folder to this. Those experiments were very useful in the stage of
developing our schemes, but it became difficult to compare their performances on an external dataset
without imposing variable index thresholding to reduce the problem into a binary classification. In
general, the pattern of the results is not much different from the ones presented here. The presented
results in this thesis correspond to training and testing using the more recently recorded dataset of 395
images labelled using 2-class regular and irregular labels, again by a single clinician who also selected
the lesion's border ROI points (see section 5.3). For each scheme, we additionally test the performance
of the model obtained with the adopted protocol3 (see section 5.5.1.1) on a dataset of 100 images
labelled by three different clinicians. The section ends by comparing the performance of the different

proposed schemes.

Regardless of the reference used, all distance-based approaches normalise the distances by dividing
each value by the maximum distance between the border points and the centroid. The normalization
step is necessary to ensure that distances between nodules of varied sizes in the dataset always range
between 0 and 1. In all experiments, the average accuracy (Acc), specificity (Reg), and sensitivity
(Irreg) on internal and external testing sets are recorded. The external testing results include the
individual class labels of the three doctors and the subset where the three doctors agree on the label.
The results are repeated using different amounts of sampled points from the interpolated border to

determine the one giving the best performance. Both kNN and SVM classifiers are attempted for the
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various experiments. However, the SVM gave overall higher performances and is used in all the

experiments presented in this chapter.

5.5.2.1 Distances Function from the Centroid

The following results present the performance of the simple distances from the centroid to the border
points for irregularity classifications. Here, the distance function is used as a feature vector and fed to
the classifier for classification. Both Equi-angdisp and Equi-arclength sampling methods are used to

select interpolated border points for comparison.

e Equi-angdisp Sampling Method

Table 5.8 below shows the results of distance based method using centroid as a reference and Equi-
angdisp as a sampling method. The results on internal and external sets are presented in each row,
showing the three doctors' individual and agreed class labels for the external tests. The experiments are
done using different numbers of sampled points from the interpolated border (NoPnts). The row in bold

was selected as the best-performing model with the 135 sampled points.

Table 5.8: Experimental results of the distances-based method using centroid. (Equi-angdisp sampling).

Distances (Centroid)
SVM-(gamma='scale', kernel="rbf")
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
NoPnts Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg [Irreg
10 75 74 75 69 64 73 71 68 73 74 67 80 77 67 84
15 75 70 80 78 70 84 78 72 82 79 69 88 86 73 95
25 77 76 78 72 61 80 74 65 80 75 63 86 79 67 88
30 81 85 77 77 70 82 75 70 78 78 69 86 84 73 91
45 81 81 80 76 70 80 74 70 77 77 69 84 82 73 88
90 78 76 80 73 64 80 75 68 80 76 65 86 81 70 88
135 82 83 81 75 70 79 73 70 75 76 69 82 81 73 86
190 79 78 80 73 64 80 75 68 80 76 65 86 81 70 88

e Equi-arclength Sampling Method

Since we use the Equi-arclength border point selection method, we can not select the same range of
border points used in the above experiment. Equi-arclength sampling method always takes the number

of points = 2™ Where n is the number of bisections used to select border points.
Number of border points = 2"

The results in table 5.9 demonstrate deteriorated method performances when the Equi-arclength
sampling method is used rather than the Equi-angdisp sampling. However, this behaviour is reversed
when the method is tested on the external testing set for three doctors' class labels as well as for the

agreed cases. Even though the second sampling method (Equi-arclength) visually samples the lesion
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boundary better, in some datasets, it may not capture border irregularity as good as the first sampling

method (Equi-angdisp).

Table 5.9: Experimental results of the distances-based method using centroid. (Equi-arclength sampling)

Distances (Centroid)
SVM-(gamma="scale', kernel="rbf")

Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
NoPnts Acc Reg Irreg | Acc Reg Imreg | Acc Reg [Imreg | Acc Reg Irreg | Acc Reg Irreg
8 75 81 70 73 75 71 73 78 70 80 80 80 82 83 81
16 75 78 73 78 82 75 78 85 73 83 84 82 88 93 84
32 74 78 70 79 82 77 79 85 75 84 84 84 89 93 86
64 74 78 70 79 82 77 79 85 75 84 84 84 89 93 86
128 76 83 70 75 75 75 75 78 73 82 80 84 85 83 86
256 74 78 70 79 82 77 79 85 75 84 84 84 89 93 86

5.5.2.2 Distances Function from Fitted Ellipse
The experimental results of the distances-based method using the fitted ellipse as a reference shape are
presented in the following. In contrast to other reference shapes, the distances can have both positive

and negative values depending on whether the border points are inside or outside the fitted ellipse.

e Equi-angdisp Sampling Method

The performance of the method on the internal testing is slightly lower than the method using the
centroid presented in the previous section (see Table 5.10). However, the method performance is
slightly better on the external testing sets. Its performance on external agreed cases is lower than the
method based on centroid. In this case, the fitted ellipse as a distance reference does not demonstrate

advantages over the centroid.

Table 5.10: Experimental results of the distances-based method using fitted ellipse. (Equi-angdisp sampling).

Distances (Fitted Ellipse)
SVM-(gamma='scale', kernel="rbf")
Internal Testing External Testing
One Doctor Doctor A Doctor B Doctor C Agreed Cases
NoPnts ~ Acc Reg [Imreg | Acc Reg [Imreg | Acc Reg [Irreg | Acc Reg [Irreg | Acc Reg [Irreg
10 76 80 73 79 77 80 71 70 72 78 73 82 82 77 86
15 76 76 77 75 73 77 71 70 72 76 71 80 81 77 84
25 78 83 73 74 77 71 72 78 68 77 78 76 81 83 79
30 74 80 69 71 77 66 71 80 65 74 78 71 78 83 74
45 70 80 62 73 80 68 71 80 65 76 80 73 79 83 77
90 72 80 66 72 80 66 68 78 62 73 78 69 77 80 74
135 72 80 66 74 80 70 70 78 65 75 78 73 79 80 79
190 72 80 66 74 80 70 70 78 65 75 78 73 79 80 79

e Equi-arclength Sampling Method

The method's performance using the Equi-arclength sampling method is similar to the Equi-angdisp
sampling method presented above (see Table 5.11). Overall, the performance of the fitted ellipse-based

method is lower than the previous centroid-based method.
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Table 5.11: Experimental results of the distances-based method using fitted ellipse. (Equi-arclength sampling).

Distances (Fitted Ellipse)
SVM-(gamma='scale', kernel="rbf")
Internal Testing External Testing
One Doctor Doctor A Doctor B Doctor C Agreed Cases
NoPnts Acc Reg Irreg | Acc Reg Imeg | Acc Reg [Irreg | Acc Reg Irreg | Acc Reg Irreg
8 70 74 67 63 61 64 65 65 65 70 67 73 71 67 74
16 72 78 67 73 75 71 73 78 70 76 76 76 81 80 81
32 73 78 69 70 80 62 70 82 62 79 86 73 79 83 77
64 72 74 70 70 77 64 70 80 63 79 84 75 79 80 79
128 71 74 69 71 77 66 71 80 65 78 82 75 79 80 79
256 75 78 72 71 77 66 73 82 67 78 82 75 81 83 79

5.5.2.3 Distances function from Fitted Gaussian

In the following, the experimental results of the distance-based method using the Gaussian shape as a
reference are presented. In this method, only positive distances from the Gaussian shape are used

since the Gaussian shape rarely intersects the borderline of the nodule.

e Equi-angdisp Sampling Method

Table 5.12 shows results on internal, external, and agreed cases of the external testing set using the
Equi-angdisp sampling method. Using 90 border points gives the best accuracy on internal testing;

however, the best performance on external testing is achieved using 25 interpolated border points.

Table 5.12: Experimental results of the distances-based method using Gaussian shape as reference. (Equi-angdisp sampling)

Distances (Gaussian)
SVM-(gamma='scale', kernel="rbf")
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
NoPnts Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc  Reg  Irreg
10 73 72 73 74 64 82 72 62 78 75 63 86 79 67 88
15 75 78 73 75 68 80 73 68 77 82 73 90 82 70 91
25 76 74 78 77 68 84 77 70 82 82 71 92 86 77 93
30 74 72 75 78 70 84 76 70 80 81 71 90 86 77 93
45 75 74 75 77 68 84 75 68 80 82 71 92 76 76 77
90 78 76 80 75 66 82 73 65 78 80 69 90 76 78 75
135 75 74 75 76 66 84 74 65 80 81 69 92 80 80 80
190 76 74 78 75 66 82 75 68 80 80 69 90 78 78 78

e Equi-arclength Sampling Method

Table 5.13 shows results using the Equi-arclength sampling method. The performance is better than the
Equi-angdisp sampling on internal testing and similar on external testing. The results show Gaussian
shape captures the irregularity better than the fitted ellipse; however, it is not performing as well as the
centroid-based method. We must remember that the fixed sigma value for constructing the Gaussian
shape used here is not a good approach, and it might be replaced with a dynamic sigma value derived

from the size of the lesion.
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Table 5.13: Experimental results of the distances-based method using Gaussian shape as reference. (Equi-arclength
sampling)

Distances (Gaussian)
SVM-(gamma='scale', kernel="rbf")

Internal Testing External Testing
One Doctor Doctor A Doctor B Doctor C Agreed Cases
NoPnts Acc Reg Irreg | Acc Reg Imreg | Acc Reg Irreg | Acc Reg  Irreg | Acc Reg  Iireg
8 76 76 77 70 61 77 74 68 78 77 67 86 79 73 84
16 76 78 75 73 64 80 71 62 77 76 65 86 79 67 88
32 80 80 80 73 68 77 71 68 73 76 69 82 79 73 84
64 78 78 78 75 70 79 71 68 73 78 71 84 81 73 86
128 78 80 77 79 73 84 73 68 77 80 71 88 85 77 91
256 78 80 77 79 73 84 73 68 77 80 71 88 85 77 91

5.5.2.4 Distances function from Convex Hull

The followings present the experimental results of the distance-based method using a Convex hull as a
reference. The nodule border is not intersecting the outer peel of the convex hull formed from border
points; therefore, the distances are always positive. As a reminder, the same normalization procedure

is used here as in all other distance-based methods.

e Equi-angdisp Sampling Method

Table 5.14 shows the results using the Equi-angdisp sampling method. The method performance on the
internal testing set is the highest among all previously presented methods, with an accuracy of 84%.

However, its performance is lower than the centroid-based method on the external testing set.

Table 5.14: Experimental results of the distances-based method using Gaussian shape. (Equi-angdisp sampling)

Distances (Convex)
SVM-(gamma='scale', kernel="rbf")
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
NoPnts  Acc Reg Irreg | Acc Reg Irreg | Acc Reg Ireg | Acc Reg Iireg | Acc Reg  Irreg
10 81 91 73 73 86 62 69 85 58 78 88 69 81 90 74
15 79 89 70 72 89 59 70 90 57 81 94 69 81 90 74
25 82 93 73 74 89 62 74 92 62 83 94 73 85 93 79
30 84 93 77 75 89 64 73 90 62 84 94 75 8 93 79
45 81 91 73 75 89 64 75 92 63 84 94 75 86 93 81
90 82 91 75 75 89 64 73 90 62 84 94 75 85 93 79
135 82 91 75 75 89 64 73 90 62 84 94 75 85 93 79
190 81 91 73 76 91 64 74 92 62 85 96 75 86 93 81

e Equi-arclength Sampling Method

The following table shows the results of the method using the Equi-arclength sampling method. The
method's performance in internal testing was identical to that of the Equi-angdisp method, but it
performed better in external testing, reaching an accuracy of 88% on the agreed class labels. The
Convex Hull-based method performs better than all prior methods when tested internally and is
equivalent to the centroid method when tested externally. Despite this, the method is simple and requires

no parameter settings.

119



Table 5.15: Experimental results of the distances-based method using Convex hul. (Equi-arclength sampling)

Distances (Convex)
SVM-(gamma='scale', kernel="rbf")
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
NoPnts Acc Reg Irreg | Acc Reg Imeg | Acc Reg [Irreg | Acc Reg Irreg | Acc Reg Irreg
8 81 85 77 77 80 75 71 75 68 82 82 82 85 83 86
16 82 87 78 72 82 64 74 88 65 81 88 75 84 87 81
32 82 89 77 76 86 68 74 88 65 85 92 78 86 90 84
64 82 89 77 76 84 70 76 88 68 85 90 80 88 90 86
128 81 89 75 74 84 66 74 88 65 83 90 76 85 90 81
256 84 91 78 77 84 71 75 85 68 84 88 80 88 90 86

5.5.2.5 Distances Function from Fitted Ellipse from Convex Hull

The followings present the results of the distances-based method using an ellipse fitted on the subset of
corner points forming the convex hull of the border points. Although we tried using only absolute values
of the distances, using both negative and positive distances from the ellipse gave better results and hence

used in our experiments.

e Equi-angdisp Sampling Method

The method shows significant improvements ab to 5% on internal testing compared to the ellipse fitted
to all border points presented before when Equi-angdisp sampling is used. The improvements are
around 8% on the external testing set, reaching the highest accuracy of 90% on the agreed class labels

(see Table 5.16).

Table 5.16: Experimental results of the distances-based method using fitted ellipse of the convex hull. (Equi-angdisp

sampling).
Distances (Fitted Ellipse on Convex Hull)
SVM-(gamma='scale', kernel="rbf")
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
NoPnts ~ Acc Reg Irreg | Acc Reg Imreg | Acc Reg Irreg | Acc Reg [Irreg | Acc Reg Irreg
10 72 70 73 75 75 75 69 70 68 78 76 80 81 73 86
15 8 80 86 76 77 75 74 78 72 83 82 84 8 80 88
25 78 76 80 81 84 79 79 85 75 86 86 86 90 90 91
30 82 80 84 77 80 75 75 80 72 84 84 84 86 83 88
45 81 80 81 77 80 75 75 80 72 84 84 84 86 83 88
90 81 80 83 78 80 77 76 80 73 83 82 84 86 83 88
135 82 81 83 78 80 77 76 80 73 83 82 84 86 83 88
190 72 80 66 71 57 82 65 50 75 74 59 88 74 50 91

e Equi-arclength Sampling Method

Table 5.17 shows the results of the method when Equi-arclength sampling method is used. The
performance is slightly lower on the internal testing than in the previous sampling method; however,

the performance on the external testing is higher, reaching 92% on the agreed cases.

Compared to previous methods based on centroid, fitted ellipse, and Gaussian using an ellipse fitted on

the outer peel of a convex hull as a reference significantly enhances the performance in terms of the
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highest accuracy and the smallest gap between sensitivity and specificity. While the method
outperforms the simple convex hull method on internal testing, its external test performances are

superior.

Table 5.17: Experimental results of the distances-based method using fitted ellipse. (Equi-arclength sampling)

Distances (Fitted Ellipse from Convex Hull)
SVM-(gamma='scale', kernel="rbf")
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
NoPnts Acc Reg Trreg | Acc Reg Imreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Iireg
8 75 78 73 76 77 75 70 72 68 81 80 82 82 80 84
16 75 78 73 78 80 77 74 78 72 85 84 86 86 83 88
32 78 76 80 81 86 77 79 88 73 88 90 86 92 93 91
64 79 76 81 81 84 79 77 82 73 88 88 88 90 90 91
128 80 76 83 80 82 79 76 80 73 87 86 88 89 87 91
256 80 81 78 79 86 73 75 85 68 8 90 82 88 93 84

5.5.2.6 TDA Features

TDA analysis can be performed using any of the previously described distance functions; however, we
only test the method with centroid and convex hull-based distance functions in order to test it with high-
and low-performing distance functions and to limit the scope of the conducted experiments. The number
of thresholds (NoThresh) used to capture the curve segment counts are: 10, 25, 50, 75, and 100. The
values of curve segment counts are used to form a feature vector for input to a classifier. Contrary to
the previous experiments, we present the results using only one set of the sampled points from the

interpolated border to build the distance function.

e Equi-angdisp Sampling Method (Distance from Centroid)

Distances from the centroid, Equi-angdisp sampling, and 90 sampled border points are used in the
experiments presented in Table 5.18 below using TDA analysis. It shows lower performance than other
previously presented methods on internal and external testing sets.

Table 5.18: Experimental results of the distances-based method using centroid as reference using 90 border points and a
different number of thresholds. (Equi-angdisp sampling)

TDA Distances (Centroid)
SVM-(gamma='scale', kernel="rbf")
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
NoThresh Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg  Irreg | Acc Reg Iireg
10 74 69 78 71 64 77 65 57 70 70 61 78 74 67 79
25 74 72 75 72 66 77 68 62 72 73 65 80 77 73 79
50 74 69 78 71 64 77 69 62 73 72 63 80 77 70 81
75 72 72 72 72 66 77 68 62 72 73 65 80 77 73 79
100 74 70 77 74 70 77 68 65 70 73 67 78 78 77 79
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e Equi-arclength Sampling Method (Distance from Centroid)

The results in Table 5.19 below show the results of the TDA method using Equi-arclength sampling.
The number of selected border points is fixed at 128 border points using seven sections (27). The results

show lower accuracies than using the Equi-angdisp sampling method on internal and external testing

sets.

Table 5.19: Experimental results of the distances-based method using centroid as reference using 128 border points and
different thresholds. (Equi-arclength sampling)

TDA Distances (Centroid)
SVM-(gamma='scale', kernel="rbf")
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
NoThresh Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg  Irreg | Acc  Reg  Irreg
10 71 69 73 71 61 79 67 57 73 68 57 78 74 63 81
25 70 69 72 67 59 73 69 62 73 70 61 78 74 67 79
50 72 69 75 68 61 73 70 65 73 71 63 78 75 70 79
75 71 70 72 69 64 73 71 68 73 70 63 76 75 73 77
100 71 69 73 68 61 73 70 65 73 71 63 78 75 70 79

e Equi-angdisp Sampling Method (Distance from Convex hull)

The convex hull is used as a reference for building the distance function with the same experimental
setting as before. The performance improved significantly compared to the method using a centroid as
a reference, as seen in the Table below.

Table 5.20: Experimental results of the distances-based method using convex shape as reference using 90 border points and a
different number of thresholds. (Equi-angdisp sampling)

TDA Distances (Convex)
SVM-(gamma='scale', kernel="rbf")
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
NoThresh Acc Reg Irreg | Acc Reg Imreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg  Irreg
10 81 81 80 78 73 82 72 68 75 81 73 88 84 73 91
25 80 81 78 82 82 82 74 75 73 81 78 84 88 83 91
50 81 81 80 82 82 82 74 75 73 81 78 84 88 83 91
75 81 85 78 82 82 82 76 78 75 83 80 86 89 87 91
100 81 85 78 82 84 80 74 78 72 81 80 82 88 87 88

e Equi-arclength Sampling Method (Distance from Convex Hull)

The experiment is conducted using Equi-arclength and distances from the convex hull with the same
settings as before. As presented in Table 5.21, the method performs significantly better than the method
when the Equi-angdisp sampling method is used on the internal testing set. However, it achieves slightly

lower performance when tested on the external testing set.

The results show that using TDA to extract discrimination features from the distance function is valid,
but its performance highly relies on how well the distance function is constructed. The performance is

lower than all other methods previously introduced when the distance function from the centroid is
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used. In contrast, its performance increases significantly when the distance function from the convex
hull is used, outperforming all other previously presented methods on the internal testing set, reaching
maximum accuracy of 87%.

Table 5.21: Experimental results of the distances-based method using convex shape as reference using 128 border points and
different thresholds. (Equi-arclength sampling)

TDA Distances (Convex)
SVM-(gamma='scale', kernel="rbf")
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
NoThresh Acc Reg Irreg | Acc Reg Imeg | Acc Reg Imeg | Acc Reg lImreg | Acc Reg lmreg
10 86 89 84 79 73 84 71 65 75 78 69 86 84 73 91
25 85 83 86 80 75 84 74 70 77 81 73 88 86 80 91
50 85 85 84 82 80 84 74 72 75 81 76 86 88 83 91
75 87 91 84 82 82 82 72 72 72 81 78 84 86 83 88
100 86 87 84 80 77 82 74 72 75 81 76 86 86 83 88

5.5.2.7 FD-Inspired Method

Contrary to all other methods presented in this chapter, the FD-inspired method does not rely on the
border distance function (see section 5.4.10). Instead, the FD method calculates an irregularity index
(Fdindex) from the division of the lesion perimeter by the perimeter of the fitted shape. We present the
results using the fitted ellipse only since the fitted Gaussian did not perform satisfactorily (see section
5.4.10). We will follow the same procedure as in the previously presented experiments by using the
same number of interpolated border points using both sampling methods. The experimental results

include classification based on single features using our iterative classifier and a set of features using

the SVM classifier.

Single FD Feature Classification using Iterative Classifier:

Since the FDindex is a single value, it can be used for classification using a newly implemented simple
iterative classifier described previously in section (5.5.1.2). The NoPnts column in the results tables
shows the number of points picked from the lesion border for extracting the FD feature, while Thresh
column represents the FDindex threshold used by the iterative classifier to split the input images into
regular and irregular classes. The thresholds obtained from the internal dataset are then used to test the

external dataset.

e Equi-angdisp Sampling Method

Table 5.22 shows the experimental results using the Equi-angdisp sampling method. The results show
maximum accuracy and the smallest gap between sensitivity and specificity of 86% and 0%,
respectively. The performance on external and agreed external cases is still high compared to the
previous methods achieving 85% and 90%, respectively. The method outperforms all previously
presented methods for internal testing and has the same level of accuracy in external testing as the best

one of them.
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Table 5.22: Results of FD-inspired method using a different number of border points. (Equi-angdisp sampling).

FD-inspired
SVM-(gamma='scale', kernel="rbf")

Internal Testing External Testing

Doctor A Doctor B Doctor C Agreed Cases

NoPnts Thresh Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg
10 0.9821 65 64 65 64 57 70 60 52 65 61 53 69 66 57 72
15 1.0025 75 77 73 68 68 68 66 68 65 71 69 73 74 70 77
25 1.0152 81 81 82 74 68 79 72 68 75 75 67 82 81 70 88
30 1.0193 82 82 82 78 73 82 74 70 77 79 71 86 85 77 91
45 1.0255 84 85 84 81 80 82 75 75 75 82 78 86 88 83 91
90 1.0306 86 86 86 80 80 80 76 78 75 83 80 86 88 83 91
135 1.0316 86 85 86 81 82 80 77 80 75 84 82 86 89 87 91
190 10321 8 8 8 | 82 8 8 | 78 80 77 | 8 8 8 | 90 87 93

Equi-arclength Sampling Method

The results shown in Table 5.23 are not far behind the results presented above. However, the method
outperforms the method using Equi-angdisp sampling when tested against external agreed cases,

achieving a maximum accuracy of 92% among all previously presented methods.

Table 5.23: Results of the FD-inspired method using a different number of border points. (Equi-arclength sampling).

FD
SVM-(gamma='scale', FD
kernel="rbf") External Testing
Internal Testing
One Doctor Doctor A Doctor B Doctor C Agreed Cases

NoPnts Thresh Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg [Irreg | Acc Reg [Irreg
8 09734 64 61 67 | 64 55 71 | 60 50 67 | 61 51 71 | 66 53 74
16 1.0057 81 8 8 |76 73 79 | 72 70 73 |75 69 80 | 8 77 86
32 1.0212 85 85 84 81 84 79 77 82 73 84 84 84 89 87 91
64 10313 8 8 83 |8 8 77 | 78 8 72 | 8 88 8 | 92 90 93
128 1.0368 82 8 81 | 80 84 77 | 78 8 73 | 8 8 8 | 90 8 93
256 1.0412 79 80 79 | 80 8 77 | 80 88 75 | 83 8 8 | 92 90 93

Set of FDindex Values as a Feature Vector:

It is interesting to see the effect of using different scales for sampling the interpolated border on the
method's performance by using a set of FDindex values calculated using different numbers of sampled
points. Therefore, in the following, we present the results of FD inspired method using Equi-angdisp
and Equi-arclength sampling methods, respectively. The same range of sampled border point sets of 6
and 8 are used as in the previous experiment for Equi-angdisp and Equi-arclength sampling methods,
respectively. The SVM classifier with the same parameters as all previous experiments and evaluation

protocol3 is used for the classification.

e Equi-angdisp Sampling Method

The experimental results using multi-features and Equi-angdisp sampling, as shown below, are not far
behind the ones using single features, achieving 83%, 86%, and 90% on internal, external (doctors C

labels), and external agreed cases, respectively.
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Table 5.24: Results of FD-inspired method, using a set of FDindexes. (Equi-angdisp sampling method)

FD
SVM-(gamma='scale', kernel="rbf")
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
NoFeature Acc Reg Irreg |Acc Reg Irreg|Acc Reg Irreg|Acc Reg Irreg|Acc Reg Irreg
8 83 85 81 81 89 75 |77 88 70 |8 90 82 |90 90 91

e Equi-arclength Sampling Method

Contrary to the above results, the method's performance deteriorates significantly on the internal testing
set, achieving 79% when the Equi-arclength sampling method is used (see Table 5.25). However, the

method outperforms the above results on external agreed cases reaching maximum accuracy of 92%.

Table 5.25: Results of FD-inspired method, using a set of FDindexes. (Equi-arclength sampling method)

FD
SVM-(gamma='scale', kernel="rbf")
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
NoFeature Acc Reg Irreg | Acc Reg Irreg | Acc Reg [Irreg | Acc Reg Irreg | Acc Reg Irreg
6 79 80 78 82 91 75 78 90 70 85 90 80 92 93 91

The experiments show the high performance of the simple FD-inspired method. The single FD feature's
performance was higher than the combined set of FD features. However, their performances on the
external testing set were identical, reaching maximum accuracy of 92% on the external agreed cases
with the same gap between sensitivity and specificity of 2%. There were only significant performance
differences when the two border point sampling methods were used on the internal testing. The method's
performance on the internal dataset outperforms all previously presented methods in regard to the gap
between sensitivity and specificity of 0% and an accuracy of 86%, which is slightly lower than the

TDA-based method.

5.5.2.8 Fast Fourier Transformations FFT

Since the borderline irregularity manifests as fluctuations or frequencies in the distances function curve,
it is logical to conduct irregularity analyses in the frequency domain. Therefore, we transform the 1D
distances function into the frequency domain using FFT and assess the frequency spectrum for
irregularity recognition (see section 5.4.9.1). Any previously mentioned methods for determining the
distance function can be used. However, we present the FFT-based method results using only the

distances from the centroid and convex hull to reduce the scope of the experiments and for consistency

with TDA based method.

Inspired by the work done on the TDA, multiple thresholds are used to count the number of the FFT
spectrum spikes for each image (see section 5.4.9.1). The number of spikes is calculated by thresholding

the amplitude of the spectrum spikes. For different thresholds, we get a different number of spikes for
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each of the lesions. Then, we use the individual and set of spike counts as a discrimination feature for
classification using the simple iterative classifier described in section 5.5.1.2 and already used in the

FD-inspired method and SVM classifier.

Single FFT spectrum Features:

Table 5.26 below shows the method's performance using individual features extracted using one value
at a time from the range of 10 amplitude thresholds (0.02 =» 0.2). The thresholds obtained from the
internal dataset are then used to split the external dataset and to calculate the accuracy, specificity, and
sensitivity. The Equi-angdisp sampling method is used to select 180 points from the interpolated border.
Then, the border point distances to a centroid form the distance function and are transformed into the

FFT spectrum.

The SpikeThresh is the frequency spike threshold, and Thresh is the ideal feature threshold used by

the iterative classifier to split the data.

Table 5.26: Results of FFT-based method using 180 border points. (Equi-angdisp sampling)

FFT (Centroid)
SVM-(gamma='scale', kernel="rbf")
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
SpikeThresh Thresh Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Iireg

0.02 10.012 69 56 80 65 45 80 65 45 78 64 45 82 68 47 84
0.04 7.0261 70 61 78 70 61 77 64 55 70 65 55 75 71 60 79
0.06 5.008 73 61 83 70 57 80 66 52 75 67 53 80 73 57 84
0.08 4.006 73 60 85 72 61 80 68 57 75 69 57 80 75 60 86
0.10 3.02 73 55 88 68 48 84 66 45 80 67 47 86 71 43 91
0.12 3.02 75 65 8 |72 61 8 |68 57 75 |71 59 8 |75 60 86
0.14 3.006 73 69 77 68 66 70 64 62 65 67 63 71 70 67 72
0.16 3.006 73 78 69 71 75 68 67 T2 63 70 71 69 74 80 70

The method's performance is lower than all other previously presented methods. Using the Equi-
arclength sampling method gave similar results and is not presented here.

Multiple FFT spectrum Features:

A range of amplitude thresholds (0.02 — 0.2) is used to extract ten spike counts and combine them into
one feature vector for input to the SVM classifier. Thus, the search for the best threshold is made
redundant, and the experiment is faster because we need to run the experiment one time instead of 10
times. In the following, we present the results of the method using distance functions based on the

convex hull and Gaussian, and Equi-angdisp is used to sample 180 border points.

e Distances from Convex Hull using Equi-angdisp Sampling

As seen in Table 5.27, the method's performance on internal testing is not better than other best-
performing methods; however, its performance on external testing using doctors C labelling reaches the

same maximum accuracy of 86% as the best-performing method of FD-inspired.
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Table 5.27: Results of FFT-based method, using 180 border points to build distances function from Convex hull. (Equi-
angdisp sampling method)

FFT (Convex)
SVM-(gamma='scale', kernel="rbf")

Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
NoFeature Acc Reg Imreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg  Irreg | Acc Reg  Iireg
10 78 80 77 75 77 73 73 78 70 86 86 86 85 80 88

e Distances from Gaussian using Equi-angdisp Sampling

The same above experiment is repeated using the Gaussian shape as a reference for measuring the
border distances (see Table 5.28). The performance of the method is deteriorated compared to the
convex hull method.
Table 5.28: Results of FFT-based method, using 180 border points to build distance function from Gaussian shape. (Equi-
angdisp sampling)

FFT (Gaussian, Sigma=6)
SVM-(gamma='scale', kernel="rbf")

Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
NoFeature Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg  Irreg | Acc Reg  Irreg
10 73 63 81 73 64 80 67 57 73 72 61 82 77 63 86

The overall results show that assessing the distance function in the frequency domain using FFT
transformations gives reasonable performances. Combining ten features extracted from the frequency
spectrum using an SVM classifier performs significantly better than the single features using iterative
classifiers. Similar to the previous methods using the convex hull as a reference shape yields better
performances than the Gaussian shape reaching 78% and 86% accuracy and a 3% and 0% gap between
the sensitivity and specificity on internal and external testing sets, respectively. Using more reference
shapes and a different number of points from the borderline to build the distance function for FFT

analysis might improve the performance, which is interesting to investigate in the future.

5.6 Result Analyses

The result of all border distances and FD-based methods are compared in the following, and the best-
performing one is chosen by evaluating its overall accuracy and the difference between its specificity
and sensitivity on the internal and external testing sets and external agreed cases. To simplify the
comparisons, we put the best-performing model from each proposed method in a table for comparison.
Due to the high number of methods, we use the method name abbreviations shown in Table 5.29 below

in the comparisons.
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Table 5.29: Method abbreviations

Abbreviation Description

Dist Distance based method

Cent Centroid

Ellip Fitted Ellipse

Gaus Fitted Gaussian

Conv Convex Hull

ConvEllip Fitted Ellipse from Convex Hull
Ftt FFT

TDA TDA

FD Fractal Dimensions

Ang Equi-angdisp sampling method
Arc Equi-arclength sampling method

Table 5.30 below describes three colours to rank the compared methods according to their

performances as first, second and third best.

Table 5.30: Different colours to show the best-performing methods.

Performance

Second Best
Third Best

Table 5.31 shows that the FD-inspired method using the iterative classifier (red coloured) outperforms
all other methods when tested internally and for the first two doctors' class labels when tested externally.
The TDA-based method performs second best on internal testing and best when doctor A's class label
is used on external testing. The method based on the fitted ellipse from the convex hull still outperforms
all other methods when tested externally using doctor C’s ground truth, reaching 88% and 0% accuracy
and a gap between sensitivity and specificity, respectively. The third best-performing method is still
FD-inspired, using a set of features as input to the SVM classifier. All other methods are not far behind,

with fitted ellipse and FFT using distances from the centroid at the end of the performance rank.

Table 5.31: Methods performance comparison when tested on the internal and external sets.

Classifier Internal Testing External Testing
Method Doctor A Doctor B Doctor C
Acc | Reg | Irreg | Acc | Reg | Irreg | Acc | Reg | Irreg | Acc | Reg | Irreg
Dist (Cent.) Ang. Svm (rbf) | 82 | 83 81 75 | 70 79 73 70 75 76 | 69 82
Dist (Ellip.) Ang. Svm (1bf) | 78 83 73 74 77 71 72 78 68 77 78 76
Dist (Ellip.) Arc. Svm (1bf) | 73 78 69 70 80 62 70 82 62 79 86 73
Dist (ConvEllip.) Ang. Svm (rbf) 76 | 77 74 78 72 83 82
Dist (ConvEllip.) Arc. Svm (1bf) | 79 | 76 81
Dist (Gaus.) Arc. Svm (rbf) | 80 80 80 73 68 77 71 68 73 76 69 82
Dist (Conv.) Ang. Svm (rbf) | 84 | 93 77 75 | 89 64 73 90 62 84 | 94 75
Dist (Conv.) Arc. Svm (rbf) | 82 89 77 76 84 70 76 88 68 85 90 80
TDA, Dist (Conv.) Arc. Svm (rbf) 72 72 81 78
FD Ang Iterative 82
FD Ang Svm (rbf)
FFT, Dist (Cent.) Ang. Iterative
FFT, Dist (Conv.) Ang. Svm (rbf)
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In Table 5.32, we present the models performing the best on the external agreed doctor's class labelling.
In contrast to the above comparison, we select the best models performing best on external agreed cases
regardless of the model's performance on internal or external testing sets when individual doctors' class
labels are used. Both methods of FD-inspired based on a set of features and fitted ellipse from the
convex hull perform the best, reaching 92% and 2% accuracy and a gap between sensitivity and
specificity, respectively. The FD-inspired method using a single feature with the iterative classifier still
performs second best, achieving the same total accuracy but with a slightly higher gap between
sensitivity and specificity. The distance from the fitted ellipse from the convex hull using Equi-angdisp

sampling performs third best on the performance ranking.

Table 5.32: Methods performance comparison when tested on the external agreed cases between the three doctors.

Classifier . External Testin,
Method Internal Testing Agreed Cases i
Acc | Reg | Irreg | Acc | Reg | Irreg
Dist (Cent.) Arc. Svm (rbf) | 74 | 78 70 89 | 93 86
Dist (Ellip.) Arc. Svm (rbf) | 72 | 78 67 81 | 80 81

Dist (ConvEllip.) Ang. | Svm (rbf) | 78 | 76 80
Dist (ConvEllip.) Arc. Svm (rbf) | 78 76 80
Dist (Gaus.) Ang. Svm (rbf) | 76 | 74 78 86 | 77 93

Dist (Conv.) Arc. Svm (1bf) | 84 | 91 78 88 | 90 86
TDA, Dist (Conv.) Ang. | Svm (rbf) | 81 85 78 89 | 87 91
FD Arc Iterative 83 83 83
FD Arc Svm (rbf) | 79 | 80 78

FFT, Dist (Conv.) Ang. | Svm (rbf) | 78 80 77 85 80 88

Overall, the FD-inspired method performs the best, followed by TDA and distances method based on
either the convex hull or fitted ellipse from the convex hull. All methods show high performances;
however, parameters such as the number of sampled points or the threshold values in the case of the
FFT and TDA-based methods still need to be selected empirically, and it is not easy to find a set of

parameters fitting for all testing scenarios.

5.6.1 FD using Box-Counting Method

The FD based on the box-counting method (see section 3.4.4) for border irregularity assessment did not
give satisfactory results, perhaps due to the fact that it only assesses the sampled points on the
interpolated borderline but not the pixel intensities around the border. Several recent works reported in
the literature [156], [163] where the fractal dimensions are calculated from the geometrical location of
the border points (x and y coordinates) as well as the pixel intensities in a box around the border points.
This is an investigation worth attempting since the pixel intensities around the borderline include
valuable information about the actual course of the border of the lesions and, consequently, might

discriminate the border irregularity.
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5.7 Concluding Remarks

In this chapter, we developed and tested the performance of a variety of Al schemes to determine the
irregularity of thyroid lesions border in US scan images. Two different approaches were developed: (1)
methods based on vectorizing distance functions between interpolated border curves and known regular
curves associated with ROI-marked border points and (2) FD-inspired parameters. Our results
demonstrated the viability of determining the irregularity of nodule border from US scan images using
a small set of ROI points instead of manual/automatic segmentation. Several reference shapes, such as
fitted ellipse, fitted Gaussian, convex hull, and fitted ellipse from the convex hull, is used for border
distance measurements, and their performances are compared. The distance function is either directly
used as a feature vector, transferred into the frequency domain, or analysed by TDA for extracting the
feature vector. FD is the only method not based on border distances, which calculates an irregularity
index for classification use. Furthermore, one evaluation protocol is developed, delivering one best
model from 100 trained ones for internal and external testing. A simple iterative classifier is developed
for classifying methods such as FD and FFT based on single irregularity features. All methods are
evaluated on internal and external testing sets as well as on external sub-testing sets with agreed labels
between three radiologists. All methods achieved average accuracies above 73%, with FD inspired
method using the iterative classifier achieving the highest accuracy of 86% on internal testing and the
method based on the convex hull achieving maximum accuracy of 88% on external testing with doctors
Cs ground truth. The maximum accuracy on external agreed cases was 92% achieved by both FD-

inspired and ellipse from convex hull-based methods.

This chapter included no information on Textures/Pixel intensities from the region bounding the
interpolated lesion border. The next chapter is devoted to the task of exploiting texture information in

the bounding region.
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Chapter 6: Texture Analysis for Thyroid Nodule Border
Irregularity

In the previous chapter, we developed and tested several Al algorithms for irregularity recognition of
thyroid nodule borders using the bicubic interpolation of a finite set of ROI points marked by the
clinician rather than segmenting the nodule. We successfully found several high-performing schemes,
but the observation that, for some cases, the poor visibility of the border region may partially explain
the misclassification cases in terms of our interpolation approach for nodule border estimation. In this
chapter, we investigate the use of texture analysis of the tissue images in the vicinity of the interpolated
border to design and test the performance of a few such schemes for border irregularity recognition. In
particular, we use the previously investigated LBP, HOG, and HOL textures for detecting abnormalities
in glass facades and concrete surfaces, but to be extracted from a ribbon around the interpolated lesion
border of reasonable margin. We also investigated CNN architectures based on transfer learning for
lesion border irregularity recognition, but in opposite to our first case study of crack recognition, transfer
learning by fine-tuning approach is used. Figure 6.1 below shows an overview of our proposed methods

and their sub-sections described in this chapter.

Border Irregualrity Recognition Methods Based
on Pixel Intensities

(—
ULBP Generic
Margin Width
Borderline HOG
Irregularity Lesion Size
—e —_— .
Analysis based on based Ribbon
Pixel Intensities HOL
Riobbon
CNN Sectors
——————
———

Figure 6.1: Summary of the proposed methods based on texture analysis.

6.1 Introduction

The border estimation from the ROI points presented in the previous chapter did not rely on thyroid
nodule-related image data (pixel intensities) but instead relied on the positions of a finite set of points
in a 2-dimensional rectangle. Notwithstanding the success of the irregularity schemes developed using

this approach, a natural question arising is whether image texture information in the surrounding regions
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of the lesion border can be used to determine border irregularity. Furthermore, using such information
may compensate for the possibility of the interpolated border not providing a good estimate of the actual

border.

Therefore, in this chapter, we shall investigate border irregularity using texture features extracted from
the immediate surrounding regions of the interpolated lesion border. These investigations start by
building a ribbon around the interpolated lesion border and selecting texture feature vectors from the
ribbon. Rather than investigating all sorts of texture features, we shall be guided by the success achieved
when we investigated the abnormality of cracks in glass fagades and concrete blocks and shall confine
our investigations to the use of Histogram of Linearity (HOL), HOG, and LBP based texture features.
Both LBP and HOG-based methods are used for border irregularity recognition to extract discriminating
texture features from border ribbons of different widths. In contrast, the HOL method is based on edges

extracted from the regions surrounding the borderline using the ribbon of different widths.

In the last chapter, we observed that the ROI interpolated lesion border of extremely shaped nodules or
small lesions might result in difficult-to-analyse borders, e.g., the line of view from the centroid to some
ROI points passes through other border points on their way. Therefore, border ribbon construction must
avoid creating self-intersecting ribbons to simplify the texture feature extraction process with no
duplications. Besides using the whole ribbon, the ribbon can be split into several sectors before feature
extraction. We will additionally extract these texture features from the entire lesion bounding box in
the discussion section to conclude our investigations, and we will compare the outcomes with those

from the ribbons.

Furthermore, we shall evaluate the performance of some common CNN techniques for border
irregularity assessments of cancer lesions. Since our datasets are small for training a CNN model from

scratch, our attempted CNN models are based on transfer learning.

6.2 Data Preparation: Constructing Lesion Border Ribbon

As lesion boundary regularity/irregularity can be seen as a spatial relationship between the values of
the pixels on the lesion border and the values of the pixels nearby, the logical thought will be to examine
texture patterns or repeated pixel intensity change patterns close to the border of the lesion marked by
the ROI points. Therefore, a band (or a ribbon) is built around the ROI points. Since no segmentations
of the dataset are provided, and the lesion borderline is not precisely known; therefore, ribbons of
different widths are attempted to find the best-performing one. However, the highly irregular border
may result in self-intersecting ribbons rendering many of the scales unusable. Two methods based on
radial distances and morphological operations (e.g., dilation and erosion) have been attempted to build

the ribbon, which will be described in the following sections.
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6.2.1 Border Ribbon Construction using Radial Distances:

A simple radial line-based method is used for building a ribbon around the border. First, lines are drawn
from the centroid of the nodule to the individual original ROI points (see Figure 6.2 a, red dots). Then,
from each of the ROI points along the line (white line in Figures 6.2 a and b), a certain distance (in
pixels) depending on the required ribbon width is measured inwards and outwards to mark the points
on the inner and the outer margin (yellow points). Finally, the margin points are interpolated using any
interpolation methods (in our work, we use cubic spline) to build the ribbon for use in methods such as

ULBP, HOG, HOL, and CNN (see Figure 6.2 d).

(d)

Figure 6.2: Ribbon using radial lines (a) radial lines from the centroid to the original ROI points (red dots) (b) inner and
outer ribbon margin (yellow dots) (c) marked inner and outer margin (d) interpolated ribbon margin (yellow curves).

The radial distances-based ribbon works well for most of the nodules across our datasets, mostly regular
cases (see Figure 6.3 a). However, uneven ribbon widths around the boundary can be observed in some
extreme cases of lesion shapes (see Figures 6.3 b and c). Further, we can also see from the figures that
the two inner and outer margins are crossing in some locations where there is a sharp turning in the
boundary. We use a new method based on the morphological operations described in the next section

to overcome these shortcomings.

(a) Regular (b) Irregular (c) Irregular

Figure 6.3: Ribbons for various regular and irregular nodule shapes.

6.2.2 Ribbon based on Morphological Dilation and Erosion

This method uses established morphological erosion and dilation operations to be applied to the image
region centred at the sampled border points to build the ribbon. The choice of these operations is meant
to avoid having small holes, overlapping, and or isolated individual outlier pixels. Figure 6.4 shows the
process of building the ribbon. First, an erosion operation is conducted starting from the interpolated

borderline using a disk of a certain thickness. This way, the boundary of the nodule will uniformly
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shrink on all sides independent of any elongations or sharp border turnings, producing an erosion mask
(see Figure c). Similarly, a dilation operation is started from the interpolated borderline using a disk of
the same size producing a dilated mask (see Figure b). The boundary points of the eroded mask edge
will mark the inner margin, while the dilated mask edge marks the outer margin of the ribbon (see inner

and outer yellow curve Figure d). The inner and outer margins are used to mark the ribbon region and

to crop the ribbon for the input to CNN models, where the disc size determines the ribbon width.

]

@ (b) (© (d)

Figure 6.4: Building masks using morphological erosion and dilations (a) original ROI mask (b) dilated mask (c) eroded
mask (d) ribbon marked by two yellow curves.

Figure 6.5: Some irregular cases with extreme shapes.

Unlike the radial distances approach, with few exceptions, morphology-based border ribbon
construction results in ribbons of nearly constant thickness. The images in Figure 6.5 demonstrate this
observation compared to those obtained in Figure 6.4 by the radial distances approach. Narrowly

elongated border regions may be the exception but can be treated using thinner widths.

6.3 Texture Analysis for Nodule Border Irregularity Recognition

Several of our methods are presented in the following sections. All the methods, including the CNN
models, are based on the ribbon described previously to restrict the texture feature extraction around
the lesion borderline for irregularity recognition. Figure 6.6 below shows an overview of the main steps
of our handcrafted methods for border irregularity recognition of thyroid nodules. The steps include;
(1) building the ribbon from the ROI points, (2) dividing the ribbon into sectors of equal radial distances,
(3) extracting features from sectors, (4) building a histogram by concatenating the sector histograms,

and (4) feeding the histogram to a classifier.
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Figure 6.6: Overview of the texture analysis-based methods for irregularity recognition of thyroid nodule border.

6.3.1 LBP Texture Feature

In section 3.4.2, we described the LBP texture features and used them in section 4.4.4 for our first case
study of glass and concrete crack classification (see [36], [98]). The LBP is extensively used in various
application domains, including medical image analysis showing high performances [19], [100], [174].
In US images, the nodule border is visually represented in texture abnormality or pixel intensity
variations around the nodule boundary. Hence irregularity of the border can be considered a texture
analysis task and can be done using texture feature-based methods such as LBP and HOG. Hence, we
use LBP-based texture analysis in our nodule border irregularity recognition for thyroid cancer. The
basic approach here is to extract LBP features (codes) from the region of interest pixels and then build
a histogram from various LBP codes and use it as input to a chosen classifier. The bounding box and
the ribbon around the border could be used as the region of interest, although using the ribbon around
the borderline is more realistic since we analyse border irregularity. Similar to the crack recognition
methods (see section 4.4.8), the whole region (ribbon region in our case)- or partition-based LBP can
be used. Partition-based LBP method proved effective for glass and concrete crack recognition; hence
it is interesting to see its effectiveness in border irregularity analysis of cancer nodules. Again, only the
ULBP (all groups or single G; groups) are used instead of all the LBP codes to reduce feature vector
dimensionality and reducing computational costs. Also, interesting to exclude the two codes 255 and 0,
representing light and dark 3x3 patches from the 58 ULBP codes for better performance. In the
experimental work presented in section 6.4.1, we extract the chosen ULBP feature vectors in the

following Regions of Interest:

e The entire nodule tissue image is bounded by the interpolated border
e The constructed interpolated border ribbon

e The interpolated border ribbon partitioned into sectors

Partitioning the input image into equal blocks before extracting the ULBP histogram for the glass and
concrete crack recognition improved performance by about 5%. Therefore, the same partitioning
approach for irregularity recognition of cancer lesion border based on the ULBP (or other texture
feature) method is worth attempting. This can be done by dividing the whole ribbon around the lesion
into sectors. Figures 6.7 a-c show a simple method based on lines of equal radial distances to divide the
ribbon into sectors (see white lines). The lines are drawn from the centroid (or centre of a fitted ellipse)

at equal radial distances crossing both the inner and outer margins of the ribbon (see yellow curves).
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Then, the intersection points are used to draw the sectors. The colours red and blue mark different sector

regions.

(b)

Figure 6.7: Building sector-wise ribbon partitions.

Figure 6.8 below shows more cases of regular and irregular lesions partitioned, for instance, into ten
equal sectors. The white lines are drawn in 360/10=36° radial distances to get ten sectors. Contrary to
partitioning the bounding box, this method ends up with sectors of different sizes depending on the
nodule's shape. The differences in sector sizes are higher for lesions of more irregular shapes (see

Figures b and c) and lower for more regular or elliptical nodule shapes, as in Figure a.

(a) Regular (b) Irregular (c) Irregular

Figure 6.8: Ribbon sectors of regular and irregular lesions.

As a feature vector, a histogram of the ULBP codes is extracted from the individual sectors. Each sector
histogram is normalized by dividing each bin by the sum of all bins. Then, the sector histograms are

concatenated to build, for instance, a feature vector of 10x58 if ten sectors and ULBP(58) are used.

6.3.2 HOG Texture Feature

The HOG-based method described in section 3.4.3 was also used effectively in glass and concrete crack
recognition (sections 4.4.5) from visual images, where its performance lay slightly behind the ULBP-
based method on the glass but superior on the concrete. The HOG feature vector is used for border
irregularity recognition post applying the gradient transform on the grayscale image. While LBP is
based on local neighbourhood pixel intensity comparison, HOG uses intensity gradients and
directionality of the local pixel neighbourhoods. Like the ULBP-based method, we divide the input
ribbon image into nine non-overlapping sectors, build a histogram of nine bins for each sector, and

concatenate them to form 9x9 bins feature vector before feeding it to a classifier.
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6.3.3 HOL Texture Feature

The Histogram of Linearity (HOL) method was introduced in chapter 4 as a generalization of the HOG
texture feature, whereby first, the special thin edge detection algorithm (ED algorithm [64]) was applied
to the input images, and the statistics of the linear fit to the extracted edges was represented by a
histogram of certain finite numbers of bins. The HOL was used to recognise glass and concrete cracks
(sections 4.4.2) from recorded natural images and was an effective discriminating feature. Here, we
propose the use of HOL as a predictor for nodule border irregularity recognition. We shall apply this to
the entire nodule ribbon tissue image and border ribbon sector regions. Figure 6.9 below shows the
ribbon and the sectors, whereby different colours are used just for visualization of the different ED edge
segments. Like the other two previous methods, a histogram of linearity values extracted from each
ribbon sector is constructed and normalized. Then, the sector histograms are concatenated to form a

feature vector for input to a chosen classifier.

(@) (b)
Figure 6.9: ED edge segments drawn in different colours (a) ribbon margins in blue (b) ED edges cropped using ribbon (c)
ribbon sectors.

6.3.4 Deep Learning-based Border Irregularity Recognition

Deep Convolutional Networks described in section 2.3 are state-of-the-art techniques for many
computer vision tasks, including cancer diagnosis, as described in detail in the two surveys on different
types of cancer [175], [176]. Hence, we attempt to use CNN models for border irregularity recognition
of thyroid nodules. Since our nodule border dataset is relatively small to train a CNN model from
scratch, we train the CNN models using transfer learning, similar to the abnormality recognition in the
case study of cracks in building material presented in chapter 4. However, the transfer learning by fine-
tuning approach is used in opposition to the transfer learning by feature extraction. In the transfer
learning by feature extraction approach (see section 4.4.9), the already trained convolutional layers of
the CNN model are used for feature extraction without retraining. The extracted features are then fed
to new fully connected layers designed for the new classification task with two classes in the case of
cracks. This type of transfer learning was sufficient in the case of glass and concrete since we are dealing
with natural images. This method is inadequate for US images due to the weak textural variations in US
images. Therefore, the CNN model needs to be retrained using transfer learning by finetuning on the

new dataset, starting with weights already trained on the natural images such as ImageNet [37]. The
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model learned general image features from the natural images and can learn new specific features
unique to the thyroid cancer US images. The same CNN architectures as in the case study of crack
recognition, VGG16 [145] and ResNet50 [146] are used for consistency. As described in section 4.4.9,
the two architectures come from two different CNN families where the VGG16 uses a sequential

approach for building the layers while ResNet50 uses skip connections to allow very deep layers.

Contrary to the crack recognition, the thyroid US lesion borders are cropped before using as input to
the CNN models. The cropping is done using a bounding box combined with the ribbon approach (see
Figure 6.10). The same ribbon method based on morphological operations is used with different ribbon
widths as in the other handcrafted methods, such as ULBP, HOG, and HOL. However, to reduce the
scope of the experiments, we used only two ribbon widths of 12 and 18 pixels. In this sense, we first
build the ribbon using certain ribbon width. Then, we crop the nodule using a bounding box around the
outer margin of the ribbon. Finally, we set all the pixels outside the ribbon to 0 to ensure the CNN
model focuses on the pixel intensity variations around the borderline. Notice that the interpolated border
line in green and the ROI points in red shown in Figure 6.10 below are just for visualisation and not

included in the input image to the CNN.

(b)

Figure 6.10: Ribbon bounding box for CNN border region cropping. Original ROI points red dots, interpolated border greed
curve (a) ribbon width 12 pixels (b) ribbon width 18 pixels.

6.4 Experimental Results and Evaluations

The following sections present the experimental results using the methods based on pixel intensity
analysis (ULBP, HOG, and HOL) and the CNN models. The datasets described in section 5.3 are used
to evaluate the proposed methods. The internal dataset DS(395) is used as training and internal testing
sets, while the smaller dataset DS(100) is used as external testing. We need to remember that the
external dataset is provided with three radiologists' class labelling. We use evaluation protocol3 for
most of the proposed handcrafted methods and protocoll (five-fold cross-validation) for a few of the
experiments on ULBP methods and CNN models. We need to remember that protocol3 chooses one
model from 100 models trained on randomly selected training/evaluation sets from the internal dataset

using the highest accuracy and smallest gap between sensitivity and specificity as selection criteria. We
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attempted to use kNN and SVM classifiers; however, the SVM performed better in most of the
experiments. Therefore, for consistency, we present only results using an SVM classifier with the same
parameters. As in previous experiments, the average accuracy (Acc), specificity (Reg), and sensitivity

(Irreg) are recorded in each of the experiments.

We use different ribbon widths from 1 to 24 pixels throughout our experiments; however, we present
here only the two best-performing ribbons on internal and external testing for each experiment. For the
CNN models, we present the five folds' average accuracy, specificity, and sensitivity. The full results

of the range of the ribbon widths and the five-fold cross-validations are attached in Appendix B.

6.4.1 ULBP based Method

In the following, we present and compare the results of ULBP-based methods using different
approaches. Most of these approaches are applicable to the other handcrafted feature-based methods
such as HOG and HOL, but due to the scope of the experiments, they have only been applied to the
ULBP-based method. These approaches include ULBP based on the whole ribbon and ribbon sectors,
ULBP code groups, training on multiple ribbon widths, and training on different lesion size categories.
In addition, we present and compare the results using the ribbon cropping methods based on radial
distances and morphological erosions and dilation. Several numbers of ribbon sectors are employed in
our tests. However, nine sectors produce superior overall accuracy in most of our experiments, and thus,
for consistency and comparability, we utilise nine sectors in all of our evaluations. Finally, different

margin widths are attempted to find the best-performing values.

6.4.1.1 ULBP based on the Whole Ribbon

Nodule border ribbons of different widths are constructed around the ROI points using both the radial
and morphology methods (see section 6.2). A histogram of the ULBP codes calculated from the pixels
inside the ribbon is formed for each thyroid case. The histogram is normalized by dividing each bin by
the sum of all bins for input to a classifier. Table 6.1 show the results using two ribbon methods
(Rbn.Method) based on radial distances (Radial) and morphology (Moerph). The two best-performing

ribbon width (margin) results are shown for each of the ribbon methods.

Table 6.1: ULBP method based on the whole ribbon. (see Appendix B.1 Tables 1 & 2)

ULBP(58) whole ribbon
(gamma='scale', kernel="poly’', degree=9)
Internal Testing External Testing
Doctor A Doctor B Doctor C
Rbn.Method Margin Acc Reg. Irreg. | Acc Reg Imreg | Acc Reg [Irreg | Acc Reg  Irreg
Rdial 4 60 50 69 64 57 70 64 57 68 65 57 73
Rdial 18 65 65 66 56 43 66 56 43 65 51 39 63
Morph 5 59 54 64 57 50 62 61 55 65 60 53 67
Morph 10 65 63 67 57 52 61 61 57 63 54 49 59
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The test results above show similar overall achieved accuracies of around 65%, with a small gap
between sensitivity and specificity for both radially and morphologically constructed ribbons. However,
testing results over the external dataset reveal slight differences. Although both ribbon methods were
used in the remaining experiments, only the results based on the morphological ribbons are presented

for better fitting, especially in the extreme shape lesions and for consistency.

6.4.1.2 Ribbon Sectors-based ULBP

Table 6.2 presents the results of the sector-based ULBP method using the morphological ribbon
cropping method. These results show a significant performance improvement of the ULBP scheme,
yielding the highest accuracy of 72% on the internal dataset using two ribbon widths of 20 and 22 pixels.
However, ribbon width 22 gives a smaller gap between sensitivity and specificity. This is a significant
increase in the method's performance by at least 10% compared with the ULBP based on the whole
ribbon (see Table 6.1). The performance improvements could be due to certain discriminative features
of the border captured in different locations around the boundary and used to classify regular and
irregular lesions. In addition, the improvements can also be due to an increase in feature dimensionality
through partitioning. The trained models achieve similar overall accuracies, around 73% (Doctor B
ground truth), with a higher gap between sensitivity and specificities when tested on the external testing
set. Furthermore, it can also be observed that the sensitivity is significantly higher than the specificity

in the case of external testing.

The variation in the performances of the scheme on the external dataset in relation to the different expert
assessments of the same set may be related to variation in their experience, but to see how much this
variation is to be, we repeated the testing on the subset of the external dataset were the three doctors
agreed on the labelling (see Table 6.2). The results in the table demonstrate that the overall accuracy
improves to 78%, and sensitivity and specificity increase significantly compared to individual labelling
of the ground truths. These results highlight the seriousness of testing the machine learning algorithm's
performance for medical image diagnostic tasks in the absence of clinically agreed class labelling

among medical experts.

Table 6.2: Ribbon sectors based ULBP using morphological ribbon construction. (see Appendix B.2 Table 3)

ULBP(58) ribbon sectors
SVM (C=100, degree=1, gamma=0.1, kernel="rbf")
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
Margin Acc Reg Irreg | Acc Acc Reg |Irreg Reg Irreg | Acc Reg Irreg | Acc Reg lrreg
20 72 63 80 67 55 77 |73 62 80 70 57 82 78 67 86
22 7270 73 67 55 77 169 57 71 68 55 80 75 67 81

140



6.4.1.3 ULBP based on Code Groups:

Guided by our work in chapter 4, we experimented with using the single groups of ULBP to test if we
could make the ULBP scheme slimmer while maintaining or improving their performance. The
experiment revealed that only the G3 group (i.e., sets of ULBP codes that consists of 3 consecutive 1's
only) could provide a chance for a slimmer scheme. Not that the histograms of each ULBP group consist

of only eight bins compared to 58 bins representing the whole ULBP code range.

The performance of the slimmer G3 scheme on the internal and external datasets is presented in Table
6.3 below. Note that the performance of the G3 scheme is similar to the ULBP (58) codes achieving a
maximum overall accuracy of 72% on both internal and external testing (doctor C ground truth). Thus
the G3 ULBP scheme presents much slimmer feature vectors with the same performance as the total

ULBP codes.

Table 6.3: G3 tested on the external testing set. (see Appendix B.3 Table 4)

ULBP(G3) ribbon sectors
SVM (C=100, degree=1, gamma=0.1, kernel="rbf")
Internal Testing External Testing
Doctor A Doctor B Doctor C
Margin ACC Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg lrreg
8 69 74 64 65 59 70 71 68 73 72 65 78
11 72 72 72 64 52 73 60 48 68 61 49 73

6.4.1.4 Model Training using Multiple Generic Margin Widths

The above experiments show that certain ribbon widths may give the best performance on one dataset
while giving a lower performance on another. An interesting question that arises here is which generic
ribbon width should be used in the training and external model testing. The external dataset has different
nature, and therefore it may work better with varying widths of the ribbon. One solution for this issue
could be to train a model using several copies of the same training image but with different ribbon
widths. This can be thought of as an augmentation of the training set. Thus, the model is more
generalized in terms of the ribbon width and performs better on the external dataset using any width

from a range of ribbon widths.

Using protocol3 in this approach requires using copy samples only in the training sets, not in evaluation
sets. This means we only create copies of the training sets in each of the 100 random splits (80%
training/ 20% evaluation). Not to mention that the 30% testing set separated for internal testing at the
beginning of the protocol is also not duplicated. Table 6.4 below shows two models (modell and
model2) trained using two sets of five ribbon widths (Training Margins). The gap between the widths
in the first set is 4 pixels, while in the second set is 1 pixel. These two-ribbon width sets and their width
gaps are empirically chosen to find the best values. The range of margin widths is only used for the 100

random training sets. In contrast, different fixed ribbon widths of 22 and 18 pixels are used for both
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modell, and model2 evaluation sets (Int.Eval.Margin), respectively and a fixed ribbon width of 18 is
used for both generic models' internal testing (Int.Test.Margin),. Table 6.4 below presents the two
models' performance on the internal testing set, while Tables 6.5 and 6.6 show the performance of the

two models when tested on the unseen external dataset with three class labels and agreed labels.

Table 6.4: Two models trained on generic ribbon widths. Testing results on the internal dataset.

ULBP (58) / Generic Ribbon Size
SVM (C=100, degree=1, gamma=1, kernel='"rbf')
Internal Testing
Model Training Margins Int.Eval.Margin Int.Test.Margin Acc Reg Irreg
1 10,14,18,22,26 22 18 65 69 62
2 16,17,18,19,20 18 18 68 70 66

Testing Model 1 on the External Dataset:

Table 6.5 below shows significant improvement in the method's performance on the external dataset on
all three class labels, with the highest accuracy of 77% on doctor C. The accuracy improvement was
about 6% compared with the method's performance when fixed ribbon widths were used to train the
model. The model's performance reached 82% on the external agreed cases between the three class

labels, with a relatively small gap between sensitivity and specificity.

Table 6.5: Modell testing on the external dataset. (see Appendix B.4 Table 5)

External Testing
Model 1
Doctor A Doctor B Doctor C Agreed Cases
Margin Acc Reg Irreg | Acc Reg Imreg | Acc Reg Irreg | Acc Reg  Irreg
16 74 68 79 74 70 77 77 69 84 82 73 88
17 74 70 77 74 72 75 77 71 82 82 73 88

Testing Model 2 on the External Dataset:

The model2's performance on the external dataset shown in Table 6.6 achieves the best accuracy of
72% on doctor C's ground truth. This performance is lower than model1 by 5% but similar to the models
when the fixed ribbon was employed. The best model performance on agreed cases is 75%, which is
again lower, about 7% from the modell. The results show that choosing a range of ribbon widths with

a wider gap (model1) between the widths performs better on the unseen data than narrow ones (model2).

Table 6.6: Model2 testing on the external dataset. (See Appendix B.4 Table 6)

External Testing
Model 2
Doctor A Doctor B Doctor C Agreed Cases
Margin Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg  Irreg
17 69 64 73 69 65 72 72 65 78 75 70 79
18 68 66 70 66 65 67 69 65 73 73 70 74
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6.4.1.5 Analysis of ULBP Ribbon Width vs Lesion Size

There is a high variation in lesion sizes across our datasets, starting with 538 pixels for the smallest
lesion to 185340 pixels for the largest one. The lesion size is calculated by counting all pixels inside the
nodule boundary (see the yellow region in Figure 6.11 b). Since the border irregularity analysis must
involve the texture or pixel intensity variations around the border, the width of the ribbon used for
texture analysis must cover the boundary regions. However, the true amount of boundary regions is
unknown due to the absence of accurate border segmentation. It is natural to assume that small lesions
will have smaller boundary regions and large lesions will have larger boundary regions. Therefore, it

makes sense to calculate the ribbon width based on the lesion size for boundary texture analysis.

N

| .

(b)

Figure 6.11: Calculating lesion sizes for training models based on size categories of the lesions.

We attempted to analyze the lesion size distribution across our datasets. Figure 6.12 show the size
distribution of the entire internal dataset and the missed classified cases using the ribbon sector-based
ULBP method. Most of the nodules have smaller sizes, under 25000 pixels, in both regular (red dots)
and irregular (blue dots) classes (see Figure a). When it comes to the miss classification cases, again,
most of the nodules come under the size of around 25000, and both classes show similar distributions
(see Figure b). The plots indicate less dependence of the sizes on the nodule class, although the regular

cases tend to be more spread into bigger sizes, as can be seen in Figure a.
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Figure 6.12: Lesion size distribution among all cases and missed classified cases using the ULBP method. Regular (red
dots), Irregular (blue dots).

143



6.4.1.6 Model training depending on different Lesion Size categories

As the first attempt to investigate the effect of the lesion size on the ribbon width, we divide our internal
dataset of 395 images into three size categories: small, medium, and large. As can be seen in Table 6.7,
certain size thresholds are chosen empirically to split the dataset, giving a nearly balanced number of
cases in each size category. Then, we repeat the same experiments described in section 6.4.1.2 using

the ULBP based on the ribbon sectors on the subset of the dataset of different size categories.

Table 6.7: Division of the dataset (395) into three lesion size categories.

Size Category Threshold (pixels) No.of Cases Regular Irregular
Small <4900 128 53 75
Medium < 16000 137 49 88
Large >= 16000 130 79 51

As an exception, we are using protocoll, which uses five-fold cross-validations to evaluate this method
since it is difficult to determine how many images in each size category were separated initially for
internal testing in protocol3. Furthermore, protocol3 requires recalculating the ratios of the number of
cases in each size category for training, evaluation, and testing sets each time a model is trained with

different size categories.

Table 6.8 below shows the results of three ULBP models trained on different size category subsets of
the internal dataset. Each model outperforms the model trained on the whole dataset (see section 6.4.1.2)
by around 5%, 4%, and 3% for the small, medium, and large models. The gap between sensitivity and
specificity in the case of the small model is minimal at around 4%, and it is very high in the other two
models at about 30%. This behaviour could be traced back to the fact that most cases have small sizes
(see Figure 6.12).

Table 6.8: ULBP method trained and tested on three subsets of the dataset (small, medium, and large-size nodules). (see
Appendix B.5 Table 7)

Medium Size
ULBP (58), SVM-poly ULBP (58), SVM-poly
Margin Acc Reg Irreg Margin Acc Reg Irreg Margin Acc Reg Irreg
10 75 73 76 10 76 53 89 13 75 89 53
11 77 75 79 14 76 57 86 17 75 90 51

Small Size Large Size

ULBP (58), SVM-poly

We additionally split the internal dataset into small and large categories to further investigate the
effect of the lesion sizes on the method's performance. Table 6.9 shows two category splits, small and

large, using a size threshold of 6000 pixels.

Table 6.9: Division of the dataset (395) into two lesion size categories.

Size Category Threshold (pixels) No.of Cases Regular Irregular
Small <6000 151 62 89
Large >= 6000 244 119 125
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The external dataset is split using the same splitting threshold (6000 pixels) used in the internal dataset
to test the model based on lesion size on the external testing set. Table 6.10 below shows the number
of cases of the two classes for each doctor's class labels (A, B, and C).

Table 6.10: External dataset splits into small and large categories using three doctors' labels. Size Category and Threshold
measured in pixels.

Size Category Threshold No.Cases Reg.A Irreg.A Reg.B Irreg.B Reg.C Irreg.C
Small <6000 40 22 18 15 25 20 20
Large >= 6000 60 22 38 25 35 29 31

Tables 6.11 and 6.12 below show the ULBP method based on ribbon sectors trained and tested on small
and large lesion categories. The method is tested on internal and external testing sets using protocoll.
The method performs better than the three category models described before when tested on the internal
testing set. The method gives the highest accuracies of 76% and 73 % and smaller gaps between
sensitivity and specificities of 4 and 1% for small and large models, respectively. The small model's
performance on the external testing set is quite low. In contrast, the large model's performance is
significantly higher, achieving an accuracy of 77% using doctor C's ground truth with a gap between

sensitivity and specificity of 13%.

Table 6.11: ULBP method trained and tested on a subset of the dataset (small-size nodules). (see Appendix B.5 Table 8)

Small Size

ULBP (58), protocoll
SVM (C=100, degree=1, gamma=0.1, kernel="rbf")

Internal Testing External Testing
Doctor A Doctor B Doctor C
Margin Acc Reg Irreg | Acc Reg Irreg | Acc Reg [Irreg | Acc Reg Irreg
11 76 74 78 52 42 64 54 41 62 54 43 65
15 72 66 75 55 44 68 58 45 66 60 48 71

Table 6.12: ULBP method trained and tested on a subset of the dataset (large-size lesions). (See Appendix B.5 Table 9)

Large Size
ULBP (58), protocoll
SVM (C=100, degree=1, gamma=0.1, kernel="rbf")

Internal Testing External Testing
Doctor A Doctor B Doctor C
Margin ~ Acc. Reg. Imreg. | Acc Reg Irreg | Acc Reg Irreg | Acc Reg  Irreg
16 70 70 71 74 73 75 72 67 75 77 70 83
21 73 73 74 71 67 73 70 65 74 74 66 81

6.4.1.7 Training one Model using Different Size Dependent Ribbon Widths

From the experiments presented above, we can conclude that the size of the lesions affects the models'
performance. As a second attempt to tackle this issue, we investigate using different ribbon widths for
different categories of input image sizes to train one model. Table 6.11 above shows that a ribbon width
of 11 pixels on the small-size nodules and 21 pixels on the large-size nodules gives the best accuracies

on internal tests. Therefore, using these two ribbon widths to train one model is worth attempting. For
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comparison, we use other ribbon widths in combination with different split thresholds for the size
categories presented in Table 6.13 below, confirming that the two chosen ribbon widths are performing
the best. The method achieves the highest accuracy and the smallest gap between sensitivity and
specificity of 74% and 1%, respectively, which is slightly better than the original method's performance
of 72% (see Table 6.2).

Table 6.13: Using different ribbon widths depending on the input nodule size to train ULBP sector-based model using
internal dataset.

ULBP (58), SVM-poly
protocoll
Margin Acc Reg Irreg
small (11)/ large (21) thresh(6000) 74 74 73
small (16)/ large (18) thresh(6000) 70 67 72
small (16)/ large (18) thresh(7000) 70 68 71
small (16)/ large (18) thresh(5000) 70 67 71
small (11)/ large (21) thresh(5000) 73 72 74

All the results in this subsection demonstrate the viability of using ULBP texture feature vectors
extracted from lesion border ribbons for lesion border irregularity recognitions, notwithstanding the
absence of widely agreed class labelling systems. The sector-based ULBP schemes show improved
effectiveness over the corresponding ULBP scheme extracted from the whole ribbon. We investigated

the effect of the lesion sizes on the choice of ribbon width with improvements of different significance.

6.4.2 HOG based Method

Since the ribbon-based ULBP method using sectors achieved the best performances, we attempt only
this approach in our HOG-based method. Also, the same evaluation protocol3 is used in the experiments
for consistency. Like the ULBP method, we use nine sectors of equal radial distances, which might
have different shapes and sizes depending on the lesion's shape. Further, the two approaches of radial
distances and morphological operations are used to build the ribbon; however, both approaches give
similar performances. Therefore, like in the case of the ULBP method, we present the results using the

morphological ribbon construct for consistency.

Table 6.14 presents the performance of the trained HOG models on the internal, external, and external
agreed testing sets. Methods performance is overall lower than those achieved by the ULBP-based
method reaching the highest accuracy of 68% on the internal testing and 67% on external testing on
doctor B's ground truth. The performances on the external agreed cases are higher but still much lower

than that of the ULBP method.
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Table 6.14: Experimental results of the HOG method based on ribbon using nine sectors on internal and external testing sets.
(See Appendix B.6 Table 10)

HOG ribbon sectors
SVM(C=1, degree=5, gamma=1, kernel="poly")

Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
Margin Acc Reg lIrreg | Acc Acc Reg | Irreg Reg Irreg | Acc Reg Irreg | Acc Reg lrreg
21 68 57 77 57 36 73 |59 38 73 58 39 76 62 37 79
24 66 61 70 57 39 71 |67 50 78 64 47 80 67 47 81

6.4.3 HOL based Method

The HOL method is already used in our first case study of abnormality recognition in building materials.
We conducted experiments to test the performance of using HOL for lesion border irregularity
recognition extracted from partitioned sectors of nodule ribbons and concatenated. First, the ED edge
detector described in section 3.3.1 is used to extract the nodule edges from the ribbon area. Then, the
histogram of linearity is calculated from the edge segments and used to classify regular and irregular
nodule borders. Table 6.15 presents three experiments conducted using the whole ribbon and ribbon
sectors using two different classifiers KNN and SVM. As in the previous experiments, a range of ribbon

widths is used to determine the optimal one, and the same nine sectors are used.

Table 6.15: Whole ribbon (morphological) using protocol3. (See Appendix B.7 Table 11)

HOL Whole Ribbon HOL Ribbon Sectors HOL Ribbon Sectors
SVM(kernel="rbf") SVM( kernel="rbf") (kNN k=1)
Internal Testing Internal Testing Internal Testing

Margin  Acc. Reg. [Iireg. Margin  Acc. Reg. [Irreg. Margin  Acc. Reg. [Irreg.
13 53 54 52 19 55 56 55 10 60 58 62
21 57 59 55 21 55 51 59 21 53 53 52

The results show 60% accuracy at best when the kNN classifier is used. These disappointing results
demonstrate that the HOL does not have any discriminating power in relation to thyroid nodule border
irregularity. This may be related to two issues; (1) The ED algorithm is unable to extract most of the
edges that contributed to the border irregularity due to poor grayscale intensities in US images (2) it
could also be attributed to the fact that the edge detection algorithm extracts edges that are unrelated to
the border but reflect the nature of the tissue within the ribbon. In contrast, the detected edges from
glass facade panels often appear in the vicinity of the abnormal texture features, including crack
components. Accordingly, we did not attempt to expand these experiments to include tests on external

datasets.

6.4.4 CNN based Method

In the following, we present the experimental results of the CNN methods based on VGG16 and
ResNet50 for border irregularity recognition. The models are trained using transfer learning by fine

tunning described before. Since training CNN models take much longer than other traditional methods
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presented previously, training 100 models, as is the case in using protocol3 for evaluation, is unrealistic.
Therefore, we adapted five-fold cross-validation (protocoll section 5.5.1.1), producing five models
when trained on the internal dataset. Then the trained models are used to test the external dataset. Also,
we use only two ribbon widths of 12 and 18 pixels due to longer training times. The configuration of

all models was as follows:
MiniBatchSize = 8, MaxEpochs = 45, InitialLearnRate =1e-4

Tables 6.16 and 6.17 show the experimental results using the two CNN architectures using the two
ribbon widths. The accuracy, specificity, and sensitivity of individual folds and the average of the five
folds are recorded for internal, external, and external agreed cases. However, we present the average

accuracies here and the full five-fold results in the attached Appendix B.

Table 6.16: VGG16 model using ribbon. (See Appendix B.8 Tables 12 and 13)

VGG16
Average of Five-fold
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases

Margin  Acc. Reg. Irreg. | Acc Acc Acc | Acc Reg Irreg | Acc Reg Iireg | Acc Reg Irreg
12 89 91 87 80 81 80 75 74 76 82 85 78 87 91 81
18 89 89 89 82 81 84 75 73 79 83 84 81 88 91 85

Table 6.17: ResNet50 model using ribbon. (see Appendix B.8 Tables 14 and 15)

ResNet50
Average of Five-fold
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases

Margin Acc. Reg. Irreg. | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Iireg
12 85 83 88 78 71 87 71 64 83 79 74 84 84 80 88
18 84 83 84 78 77 79 76 74 80 84 85 82 87 90 83

From the results above, we can observe similar patterns as in the handcrafted feature-based methods. In
general, the accuracy of internal testing is better than external testing; however, external testing
performance using doctor C's label is usually higher than the other two doctors' labels, and the best
performance is achieved on external agreed cases. This might be explained by doctor C being more
experienced than the other two. VGG16 architecture performs slightly better than ResNet50, reaching
the highest accuracies of 89%, 83%, and 88% on internal, external, and external agreed cases. In both
models, the ribbon width of 18 performs better than 12, although, in the case of ResNet50, the ribbon
width of 18 gives 1% lower accuracy than 12 on internal testing; however, it has a much lower gap
between sensitivity and specificity and higher performances on external testing. The better performance
of wider ribbon widths can be explained by covering wider border regions. On the other hand, the
slightly better performance of the VGG16 model might be due to the shallower architecture of VGG16

compared to ResNet50, which captures the US image's poor intensities better.
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6.5 Result Analyses and Discussions

In the following, we discuss some attempts for irregularity recognition employing the entire bounding
box for ULBP feature extraction or some input image pre-processing to improve performance, along

with a comparison of the proposed methods.

6.5.1 Irregularity Recognition based on the Lesion Bounding Box

In our first attempt to apply ULBP to the irregularity classification, the simple bounding box around the
ROI points is used for texture analyses. All the pixels inside the bounding box (red box Figure 6.13)
are used for extracting ULBP codes. A histogram of the ULBP is formed, normalized, and fed to a
classifier for regular and irregular border classification. Depending on the lesion's shape, the bounding
box could involve fewer (Figure a) or more regions (Figure b) from outside the border of the lesion.
Although this method could give reasonable accuracies, it could not reflect the actual border irregularity
due to the involvement of extra textures from inside and outside the lesion, which may have other
indications than the border irregularity. The approach performed poorly in the few experiments on the

internal dataset, as shown in Table 6.18 below.

(@) (b)

Figure 6.13: ULBP based on the bounding box for lesion border irregularity recognition.

Table 6.18: Results of ULBP method based on bounding box on internal testing using protocol3.

ULBP (58) Bounding Box
Internal Dataset
Classifier Acc Reg Irreg
kNN (k=13) 56 61 52
SVM (poly-deg=7) 61 63 59

6.5.2 Image Pre-processing for Texture-based Methods

All the methods proposed in this thesis rely on the raw input image, i.e., no pre-processing of the images
in terms of sharpening or noise reduction has been used. Any potential pre-processing operations will
not affect the methods based on the ROI points described in chapter 5 since they do not consider the
pixel intensities in their assessments. However, the pre-processing may improve the performance of the
other methods, such as ULBP, HOG, and CNN, which assess the pixel intensities around the borderline.

Some initial sharpening and blurring filters based on kernels of sizes three, five, and seven pixels have
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been attempted; however, they led to lower performances. The use of speckle noise reduction filters,

which have been reported in the literature, can provide another intriguing pre-processing strategy [177].

6.5.3 Comparing and Analysing all Methods

In the following, we present the comparison and analyses of the experimental results of all methods
proposed in this chapter based on texture analysis (pixel intensities) around the borderline. For easier
comparison, the best-performing configuration is selected from each method. The highest overall
accuracy and the smallest gap between sensitivity and specificity are considered for the selection. Both
methods' performance on the internal and external testing sets using individual and agreed class labels
are presented in the comparison. Protocol3 is used in most of the methods with fixed randomization,
ensuring that the same splits of the training/evaluation sets are used when 100 models are trained. Some
other methods use five-fold cross-validations, including CNN-based methods. As in chapter 5, we use
the colours given in Table 5.30 to show different rankings of the best-performing methods, where red,
green, and blue represent the first, second, and third best-performing methods. Finally, we introduced

different methods abbreviations shown in Table 6.19 in the comparison for easier comparison and to

save space.

Table 6.19: Methods abbreviations.

Abbreviation Description

WolRbn Whole Ribbon

RbnSec Ribbon Sectors

Rad Ribbon based on radial distances

Morp Ribbon based on Morphological dilation and erosion
Gmw Generic Margin Width

CnnVgglé CNN based on VGG16
CnnResNet50 CNN based on ResNet50

Table 6.20: Comparison of the best-performing methods based on the texture analysis, including CNN models.

Classifier Internal Dataset External Dataset
Method (Ribbon width) Doctor A Doctor B Doctor C

Acc |Reg |Irreg |Acc|Reg|Irreg|Acc|Reg | Irreg|Acc|Reg|Irreg|
ULBP (WolRbn.Rad) SVM (18) 65 | 65| 66 | 56|43 ] 66 | 56|43 ] 65 |51 [39]| 63
ULBP (WolRbn.Morp) SVM (10) 65 | 63 | 67 |57 52| 61 |61]|57] 63 |54[49] 59
ULBP (RbnSec.Morp) SVM (22) 72 1 70 | 73 |67 |55] 77 | 69|57 ] 77 |68|55]| 80
ULBP(G3) (RbnSec.Morp) SVM (11) 64 | 52| 73 | 60|48 | 68 |61 49| 73
ULBP (RbnSec.Gmw) Modell 65 | 69 | 62
ULBP (RbnSec.Gmw) Model2 68 | 70 | 66 |69 |64 73 | 6965 72 | 72|65 78
HOG (RbnSec.Morp) SVM (24) 66 | 61 | 70 [ 57 139] 71 | 67|50 78 | 64|47 | 80
CnnVggl6 Ribbon(18)
CnnResNet50 Ribbon(12)

Table 6.20 shows that the two CNN methods based on VGG16 and ResNet50 perform similarly and
outperform all other handcrafted feature-based methods on both internal and external testing sets.
Among handcrafted feature-based methods, the method based on ULBP(G3) (RbnSec.Morp) using

ribbon sectors with a ribbon width of 11 pixels performs the best on the internal dataset achieving
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accuracy, sensitivity, and specificity of 72%, 72%, and 72%, respectively performing slightly better
than ULBP(58) using all uniform codes, but it has lower performances on external testing. The ULBP
Generic Margin Width (RbnSec.Gmw) based method using Model2 performs the next best on internal
testing. On the external testing, ULBP (RbnSec.Gmw) method using Modell performs the best,
achieving 74%, 74%, and 77% for doctors A, B, and C, respectively, with a small gap between the
sensitivity and specificity. The HOG (RbnSec.Morp) based method ley behind ULBP, achieving 66%
overall accuracy, with the ULBP method based on the whole ribbon (no sectors) (WolRbn.Rad)

performing the worse on the external dataset.

Table 6.21: Methods performance comparison when tested on the external set using agreed ground truth.

Classifier . External Testing
Internal Testing ‘Acreed Cases
Acc | Reg | Irreg | Acc | Reg | Irreg
ULBP (RbnSec.Morp) | SVM (17) 64 65 64 77 70 81
ULBP (RbnSec.Gmw) Modell 65 69 62
ULBP (RbnSec.Gmw) Model2 68 70 66 75 70 79
HOG (RbnSec.Morp) | SVM (10) 59 52 66 73 53 86
CnnVggl6 Ribbon(12) | 85 91 77
CnnResNet50 Ribbon(18) | 79 80 77

Method

Table 6.21 above compares the method's performances on the external dataset with agreed class labels.
The CNN-based methods again perform the best, achieving the highest overall accuracy, specificity,
and sensitivity of 89%, 93%, and 83% using VGG16, with ResNet50 lying slightly behind. Among the
handcrafted feature-based methods, again ULBP (RbnSec.Gmw) method using Modell performs the
best, achieving overall accuracy, specificity, and sensitivity of 82%, 73%, and 88%, respectively. The

ULBP (RbnSec.Morp) method performed the second best, achieving 77% overall accuracy.
6.6 Summary

In this chapter, we investigated various aspects of designing and evaluating the performance of
automatic border irregularity recognition of thyroid cancer nodules using several versions of known
texture features extracted from the ribbon region surrounding the ROI points along the interpolated
lesion border. Two different methods based on radial distances and morphological erosion and dilations
are used to construct ribbons of different widths. We have shown the correlations between the lesion
sizes and the chosen ribbon width by splitting the data into several size categories and training ULBP
models separately. Also, training the ULBP model using several ribbon widths of the same image
showed benefits, at least in the case of external testing. Although the black box nature of the CNN-
based models is not quite acceptable to clinicians, it performs superior to the handcrafted methods.
However, the CNN models were not as good as the other handcrafted-based methods (see chapter 5)

based on morphological features extracted from the approximated border from the ROI point. In
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addition, we have shown that the HOG method is not giving reasonable performances, and the HOL

using an edge detector is not promising for texture-based border irregularity recognition.

The experimental results were promising but not as good as those achieved based on the border
interpolated curve in chapter 5. It confirmed the viability of using the various texture analysis of lesion
border ribbons for recognizing border irregularity. A question arises: What do all these methods
collectively inform us on how to deal with the problem of lesion border abnormality? Next, in chapter
7, we attempt to shed some light on this question by conducting several experiments on fusion schemes

of various collections of the developed schemes for border irregularity recognition.
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Chapter 7: Combining Multi-Classifiers for Lesion Border
Irregularity

In chapters 5 and 6, various methods were introduced using two different approaches for classifying
and assessing the border irregularity of the thyroid cancer nodules. The first approach uses a finite set
of ROI points marked by the doctors on the nodule border to interpolate a nodule border closed curve
to develop irregularity recognition schemes by estimating its FD or analysing distance functions to
known regular reference shapes related to the ROI points. The second approach considers the pixel
intensities and textures around the interpolated borderline. Our various proposed methods (1) use two
main approaches based on borderline, and texture analysis and (2) borderline analysis-based features
extract morphological features of different natures using border distances or FD in addition to analysis
of border distances in spatial and frequency domains and by using TDA and (3) the methods had
different levels of success, ranging from very modest (around 65%) to considerable (acceding 80%).
All the above differences make our feature schemes diverse enough to consider investigating different
ways of combining several of these schemes and determine if it is possible to improve the accuracy of
classification prediction over and above the best-performing single scheme(s). There are different
known strategies for combining multi-classifier, but due to the fact that we have developed several
schemes that differ in many ways, it is sensible to limit the scope of investigations in this chapter to
select and use a few applicable fusion methods, such as decision and score level fusion as well as
combining the decisions using DT. We did not attempt to use the CNN-model decisions and scores in
the fusion schemes due to their already high performances and the difficulty in determining the same

testing sets as other methods because they use different evaluation protocols.

For our fusion schemes, we select a few best-performing methods from each group of methods. As
criteria for the selection, the highest accuracy and smallest gap between sensitivity and specificity on
internal and external testing sets are used, although more focus was on internal testing. Then, the
recorded class predictions and probabilities or scores associated with the two classes are used for

different fusion schemes or combined in a DT.
7.1 Introduction

Fusing (ensembling) multiple classifiers is a well-understood method of combining multiple
classification schemes to analyse a given cloud point of data records. Many methods of ensembling
multiple classifiers exist [178]; however, we adopt simple score and decision-level fusion. The
classifiers must be accurate and diverse for the fusion to perform better than the individual ones. Our
methods are diverse and have relatively high accuracies beyond random guesses. In the following, we

describe some of the various existing applications of the fusion schemes.
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Different morphological features, such as roughness and ellipticity, are combined at the feature level
with lesion edge features, such as curvature, to improve breast cancer malignancy recognition [179].
Simple decision-level fusion by majority voting of several methods, such as ULBP, Gabor filters, and
statistical moments are used for ovarian cancer recognition [104]. A score and decision level fusion of
three methods based on LBP, Histogram of grayscale, and statistical moments are used for
nasopharyngeal carcinoma cancer recognition, where the score level fusion outperformed the decision

level fusion [180].
Fusion can be applied at different levels, including:

1. The feature level - Here, feature vectors from the constituent classifiers are combined by
concatenation with or without normalization, and the resulting feature vectors will be trained
and tested using a chosen classifier. This approach is suitable when the feature vectors are less
correlated to each other with respect to different classes, but this is difficult to achieve when

the number of training samples is relatively small.

2. The decision level — the decisions of the constituent classifiers are combined to make new
decisions using specific criteria. Different criteria are used in the literature, including the
weighted majority rule, where the weights are determined by the performance of the fused
schemes at the training stage. We shall investigate the simple majority rule whereby all
classifiers are given the same weights, and this approach can only be used with an odd number

of classification schemes.

3. The score level — Here, each of the constituent classifiers outputs a score with each class, and
the final outcome from testing an input image will be the class with the maximum added scores.
The individual scores associated with each classifier are often expressed as probability values

that indicate a kind of confidence in the decision made by the corresponding classifier.

7.2 Proposed Fusion schemes and Experimental Results

In the following, we present the results of decision level (majority rule) and score level fusion of various
combinations of two, three, and five methods from both ROI and ribbon-based texture analysis schemes.
The decision fusion using a majority rule requires an odd number of methods; hence the use of three
and five methods and for consistency used in other schemes of score level fusion and methods
combination in DT. We also use the minimum required method numbers of two for the later two
schemes. The feature level fusion is not attempted due to the different lengths and scales of the feature
vectors used in the various methods. In addition, the HOL texture analysis scheme applied to the lesion
border ribbon did not achieve any discriminating power; therefore, we decided not to include it in the

fusion or the DT scheme.
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For consistency, we use the same internal testing splits made by protocol3 (see section 5.5.1.1)
previously used to evaluate all our proposed methods, i.e., the same 118 internal testing cases from the
internal dataset of 395 cases are used. The same fusion schemes are applied to the external testing set
of 100 images using individual and agreed doctor's class labels. Note that we already trained and tested
each participating scheme on the internal datasets and tested on the external dataset in chapters 5 and 6,
and experiments associated a decision and a score with each image. The selected fusion schemes are
evaluated first on the internal 118 testing set and then applied to the 100 images of the external testing

set. In each experiment, the accuracy (Acce), specificity (Reg) and sensitivity (Irreg) are recorded.

For simplicity and to save space, we use abbreviations of the methods name shown in Table 7.1 below

to present the results of the fusion schemes.

Table 7.1: Method name abbreviations for fusion schemes.

Abbreviation Description

Dist Distances

Cent Centroid

Ellip Fitted Ellipse

Gaus Fitted Gaussian

Conv Convex Hull

ConvEllip Convex Fitted Ellipse

Ftt FFT

TDA TDA

FD Fractal Dimensions

RibSec Ribbon Sectors based

Ang Equi-angdisp sampling method
Arc Equi-arclength sampling method
Morph Ribbon based on morphological operations
Rad Ribbon based on radial distances

7.2.1 Decision Level Fusion (Majority Rule)

In the case of decision fusion of the proposed methods, their classification predictions for each testing
case are fused using the majority rule. The majority rule always requests the predictions (decisions) to
be an odd number. In the following, we present several scenarios of fusing some of the best-performing
methods from both ROI and texture analysis approaches. The fusion is conducted on the predictions of
internal (118 images) and external (100 images) testing sets using three and five best-performing

methods.

7.2.1.1 Three-Methods Fusion

Tables 7.2 to 7.5 present fusion results using three methods. On the internal testing set, the fusion does
not improve the accuracy; it even deteriorates slightly in the case where the HOG method is used in the

fusion (see Table 7.5). On the other hand, there are significant improvements in the accuracy of the
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external testing set using individual and agreed class labels. However, it worsens when the HOG method

is again used in the

fusion.

Table 7.2: Decision-based fusion of three methods. (ConvEllip(Ang), FD, FFT).

External Dataset
Method Classifier Internal Dataset Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg  Irreg
Dist (ConvEllip.) Ang. | Svm (rbf) | 83 8 8 | 76 77 75 | 74 78 72 | 83 82 84 | 8 8 88
FD Ang Svm (rbf) | 83 85 81 81 8 75 |77 88 70 | 86 90 8 | 90 90 91
FFT, Dist (Conv.) Ang. | Svm (rbf) | 78 80 77 | 75 77 73 | 73 78 70 | 8 86 8 | 85 80 88
Decision Fusion 83 8 81 82 84 80 | 78 8 75 |91 90 92 | 93 87 98

Table 7.3: Decision-based fusion of three methods. (ConvEllip(Arc), FD, FFT).

Internal Dataset External Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Irreg | Acc Reg Irreg | Acc Reg lIrreg | Acc Reg Irreg | Acc Reg  Irreg
Dist (ConvEllip.) Arc. | Svm (rbf) | 79 76 81 81 84 79 | 77 82 73 | 8 8 8 | 90 90 91
FD Ang Svm (rbf) | 83 85 81 81 8 75 | 77 88 70 | 8 90 8 | 90 90 91
FFT, Dist (Conv.) Ang. | Svm (rbf) | 78 80 77 | 75 77 73 | 73 78 70 | 8 8 8 | 85 80 88
Decision Fusion 83 8l 83 | 80 83 8 |8 77 8 |73 92 92 [ 93 90 95
Table 7.4: Decision-based fusion of three methods. (ConvEllip(Arc), FD, ULBP).
External Dataset
. Internal Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Imeg | Acc Reg lmeg | Acc Reg Imeg |Acc Reg lmeg | Acc Reg lmeg
Dist (ConvEllip.) Arc. | Svm (rbf) | 79 76 81 81 & 79 | 77 82 73 | 88 88 8 | 90 90 91
FD Ang Svm (rbf) | 83 85 81 81 8 75 | 77 88 70 | 86 90 8 | 90 90 91
ULBP (RibSec.) Morph. | Svm (rbf) | 72 70 73 | 67 55 77 | 69 57 77 | 68 55 8 |75 67 81
Decision Fusion 83 8l 84 (82 8 8 |78 8 77 | 8 8 92 | 92 87 95
Table 7.5: Decision-based fusion of three methods. (ConvEllip(Ang), HOG, ULBP).
External Dataset
. Internal Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg
Dist (ConvEllip.) Arc. | Svm (rbf) | 79 76 81 81 8 79 | 77 82 73 | 88 88 8 |90 90 91
HOG (RibSec.) Morph. | Svm (poly) | 66 61 70 | 57 39 71 67 50 78 | 64 47 80 | 67 47 81
ULBP (RibSec.) Morph. | Svm (rbf) | 72 70 73 | 67 55 77 |69 57 77 | 68 55 80 | 75 67 81
Decision Fusion 74 74 73 | 66 34 91 72 40 93 | 69 39 98 | 8 67 98

7.2.1.2 Five-Methods Fusion

Tables 7.6 to 7.9 presents the decision fusion results using predictions of five methods. This fusion
improves the accuracy of internal testing by about 2%. The improvement in accuracy is 2% and 3% on
external testing using individual and agreed doctor's labels. Interestingly, the internal accuracy is not
deteriorating when HOG is used in the fusion. It even improves the external accuracy by 2% (see Table

7.9). This is due to involving more high-performing methods in the fusion.
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Table 7.6: Decision-based fusion of five methods. (ConvEllip(Ang), FD, FFT,Conv, TDA).

Internal Dataset External Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Imreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Imreg | Acc Reg Irreg
Dist (ConvEllip.) Ang. | Svm (rbf) | 83 80 86 | 76 77 75 | 74 78 72 | 83 82 84 | 8 80 88
FD Ang Svm (rbf) | 83 85 81 81 8 75 |77 8 70 | 86 90 82 | 90 90 91
FFT, Dist (Conv.) Ang. | Svm (rtbf) | 78 8 77 |75 77 73 |73 78 70 | 8 8 86 | 8 80 88
Dist (Conv.) Ang. Svm(rbf) | 84 93 77 |75 89 64 | 73 90 62 |84 94 75 |8 93 79
TDA, Dist (Conv.) Ang. | Svm (rbf) | 81 81 80 | 82 8 82 |74 75 73 |8 78 84 |8 8 91
Decision Fusion 8 93 8l 81 8 75 |77 8 70 | 8 92 84 | 92 93 91

Table 7.7: Decision-based fusion of five methods. (ConvEllip(Arc), FD, FFT,Conv, TDA).

Internal Dataset External Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg
Dist (ConvEllip.) Arc. | Svm (tbf) | 79 76 81 81 84 79 | 77 82 73 | 88 88 8 | 90 90 91
FD Ang Svm (rbf) | 83 85 81 81 8 75 | 77 8 70 [ 86 90 8 | 90 90 91
FFT, Dist (Conv.) Ang. | Svm (tbf) | 78 8 77 | 75 77 73 | 73 78 70 | 86 86 8 | 8 80 88
Dist (Conv.) Ang. Svm (rbf) | 84 93 77 | 75 89 64 | 73 90 62 | 84 94 75 | 8 93 79
TDA, Dist (Conv.) Ang. | Svm (rbf) | 81 81 80 | 82 82 8 |74 75 73 |8 78 84 | 8 8 91
Decision Fusion 85 91 80 [ 8 91 77 |77 8 70 | 90 94 8 |93 97 91
Table 7.8: Decision-based fusion of five methods. (ConvEllip(Arc), FD, ULBP,Conv, TDA).
External Dataset
. Internal Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg
Dist (ConvEllip.) Arc. | Svm (rbf) | 79 76 81 81 84 79 | 77 82 73 | 88 88 8 | 90 90 91
FD Ang Svm (rbf) | 83 85 81 81 8 75 | 77 88 70 [ 86 90 8 | 90 90 91
ULBP (RibSec.) Morph. | Svm (rtbf) | 72 70 73 [ 67 55 77 |69 57 77 | 68 55 80 | 75 67 81
Dist (Conv.) Ang. Svm (rbf) | 84 93 77 | 75 89 64 | 73 90 62 | 84 94 75 |8 93 79
TDA, Dist (Conv.) Ang. | Svm (rbf) | 81 81 80 (8 8 8 |74 75 73 |8 78 84 |8 8 91
Decision Fusion 86 93 81 85 91 80 | 77 8 72 | 90 92 8 |93 93 93
Table 7.9: Decision-based fusion of five methods. (ConvEllip(Arc), FD, ULBP,Conv, HOG).
External Dataset
. Internal Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Imeg |Acc Reg Imeg | Acc Reg leg|Acc Reg Imeg |Acc Reg leg
Dist (ConvEllip.) Arc. | Svm (tbf) | 79 76 81 81 8 79 | 77 82 73 | 88 8 8 |90 90 91
FD Ang Svm (rbf) | 83 85 81 81 8 75 | 77 8 70 [ 86 90 8 |90 90 91
ULBP (RibSec.) Morph. | Svm (rbf) | 72 70 73 | 67 55 77 | 69 57 77 | 68 55 80 |75 67 81
Dist (Conv.) Ang. Svm (rbf) | 84 93 77 |75 8 64 | 73 90 62 | 8 94 75 [ 8 93 79
HOG (RibSec.) Morph. | Svm (poly) | 66 61 70 | 57 39 71 67 50 78 | 64 47 80 | 67 47 81
Decision Fusion 84 83 84 |8 8 8 |79 8 75 (9 90 90 |93 90 95

Generally, our observations from decision-based fusion experiments are that the fusion of three methods

does not improve the overall performance and, in some cases, deteriorates. In contrast, the performance

increases by up to 5% on the external testing set. Furthermore, using five classifiers in the fusion

performs significantly better than using three classifiers. The HOG method does not contribute to the

accuracy improvement in the fusion.
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7.2.2 Score Level Fusion (Score Averaging)

Since score level fusion can be done on any number of classifiers, we choose three and five classifiers
for consistency, as the same number of classifiers were used in decision fusion methods. In addition,
we use the minimum required of two classifiers for score-level fusion to see its effect on performance
improvement. The method simply adds the scores corresponding to each of the two classes for all

involved methods and assigns the label of the class having the highest total score to the input image.

7.2.2.1 Two-Methods Fusion

Tables 7.10 and 7.11 shows the results of fusing the two methods' scores. In the first table, we fuse two
methods from the texture analysis approach for thyroid nodule border irregularity using HOG and
ULBP methods. The method performance is deteriorating on all testing sets. On the other hand, when
the two best methods from the borderline analysis approach are fused, we observe accuracy
improvements of up to 3% on internal testing and marginal improvement on external testing, even

though only two methods are used (see Table 7.11).

Table 7.10: Score-based fusion of two methods. (HOG and ULBP).

External Dataset
Method Classifier Internal Dataset Doctor A Doctor B Doctor C Agreed Cases
Acc Reg lmeg|Acc Reg lmeg [Acc Reg lImeg |Acc Reg lmreg |Acc Reg lmeg
HOG (RibSec.) Morph. | Svm (poly) | 66 61 70 | 57 39 71 67 50 78 | 64 47 80 | 67 47 81
ULBP (RibSec.) Morph. | Svm (tbf) | 72 70 73 | 67 55 77 | 69 57 77 | 68 55 80 | 75 67 81
Score Fusion 65 55 73 |63 52 70 | 62 51 73 | 65 55 73 [ 70 60 77

Table 7.11: Score-based fusion of two methods. (ConvEllip and FD).

Internal Dataset External Dataset

Method Classifier Doctor A Doctor B Doctor C Agreed Cases

Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg

Dist (ConvEllip.) Ang. | Svm (rbf) | 83 80 86 | 76 77 75 |74 78 72 |83 82 84 |8 80 88
FD Ang Svm(bf) | 83 85 81 (81 8 75|77 88 70 [ 8 90 82 |90 90 91

Score Fusion 8 81 91 |8 8 8 |79 8 78 |8 82 90 | 90 83 95

7.2.2.2 Three-Methods Fusion

Four combinations of three methods from both border irregularity analysis approaches are selected for
score-level fusion in Tables 7.12 to 7.15. The results show the same accuracy improvements on the
internal testing as in the two-methods fusion; however, the gap between the specificity and sensitivity
is smaller (see Table 7.12). The method also shows up to 4% improvements in external testing (doctor
B Table 7.14). Methods performance using ULBP is slightly better; in contrast, the HOG method does

not improve the performance (see Tables 7.14 and 7.15)
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Table 7.12: Score-based fusion of three methods. (ConvEllip(Ang), FD, FFT).

Internal Dataset External Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Irreg | Acc Reg Irreg | Acc Reg lIrreg | Acc Reg Irreg | Acc Reg Irreg
Dist (ConvEllip.) Ang. | Svm (rbf) | 83 8 8 | 76 77 75 | 74 78 72 | 83 82 84 | 8 8 88
FD Ang Svm (rbf) | 83 85 81 81 8 75 | 77 88 70 | 86 90 8 | 90 90 91
FFT, Dist (Conv.) Ang. | Svm (rbf) | 78 80 77 | 75 77 73 | 73 78 70 | 8 86 8 | 85 80 88
Score Fusion 8 8 88 [ 8 8 8 |78 78 78 |8 8 92 | 90 8 98
Table 7.13: Score-based fusion of three methods. (ConvEllip(Arc), FD, FFT).
Internal Dataset External Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg  Irreg
Dist (ConvEllip.) Arc. | Svm (rbf) | 79 76 81 81 84 79 | 77 82 73 | 8 8 8 | 90 90 91
FD Ang Svm (rbf) | 83 85 81 81 8 75 |77 88 70 | 86 90 8 | 90 90 91
FFT, Dist (Conv.) Ang. | Svm (rbf) | 78 80 77 | 75 77 73 | 73 78 70 | 8 86 8 | 85 80 88
Score Fusion 8 83 8 [ 8 8 8 |78 78 78 | 87 8 92 | 90 83 95

Table 7.14: Score-based fusion of three methods. (ConvEllip(Arc), FD, ULBP).
External Dataset
N Internal Dataset

Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg lmeg |Acc Reg leg | Acc Reg lImreg | Acc Reg lmreg | Acc Reg lmeg

Dist (ConvEllip.) Arc. | Svm (rbf) | 79 76 81 81 &4 79 | 77 82 73 | 88 88 8 | 90 90 91
FD Ang Svm (rbf) | 83 85 81 81 8 75 | 77 88 70 | 86 90 8 | 90 90 91

ULBP (RibSec.) Morph. | Svm (rtbf) | 72 70 73 [ 67 55 77 |69 57 77 | 68 55 80 | 75 67 81
Score Fusion 84 80 88 | 8 82 84 |8 8 8 |8 8 92 | 92 8 98

Table 7.15: Score-based fusion of three methods. (ConvEllip(Arc), HOG, ULBP).

External Dataset
N Internal Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases

Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg

Dist (ConvEllip.) Arc. | Svm (rbf) | 79 76 81 81 8 79 | 77 82 73 | 88 88 8 |90 90 91
HOG (RibSec.) Morph. | Svm (poly) | 66 61 70 | 57 39 71 67 50 78 | 64 47 80 | 67 47 81
ULBP (RibSec.) Morph. | Svm (tbf) | 72 70 73 | 67 55 77 |69 57 77 | 68 55 80 | 75 67 81
Score Fusion 79 76 81 |79 73 84 |77 72 80 | 8& 76 92 |8 77 95

7.2.2.3 Five-Methods Fusion

The results of the five-methods score fusion are presented in Tables 7.16 to 7.19. Significant accuracy

improvements of up to 6% can be observed from the results on all testing sets, reaching maximum

accuracy of 96% on the external agreed cases. There are also significant improvements in the fusion

involving ULBP and HOG; however, the improvements are lower when HOG is used in the fusion.
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Table 7.16: Score-based fusion of five methods. (ConvEllip(Ang), FD, FFT, Conv, TDA).

Internal Dataset External Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Imreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Imreg | Acc Reg Irreg
Dist (ConvEllip.) Ang. | Svm (rbf) | 83 80 86 | 76 77 75 | 74 78 72 | 83 82 84 | 8 80 88
FD Ang Svm (rbf) | 83 85 81 81 8 75 |77 8 70 | 86 90 82 | 90 90 91
FFT, Dist (Conv.) Ang. | Svm (rtbf) | 78 8 77 |75 77 73 |73 78 70 | 8 8 86 | 8 80 88
Dist (Conv.) Ang. Svm(rbf) | 84 93 77 |75 89 64 | 73 90 62 |84 94 75 |8 93 79
TDA, Dist (Conv.) Ang. | Svm (rbf) | 81 81 80 | 82 8 82 |74 75 73 |8 78 84 |8 8 91
Score Fusion 90 91 89 | 8 89 86 |81 8 78 [ 92 90 94 | 9% 93 98

Table 7.17: Score-based fusion of five methods. (ConvEllip(Arc), FD, FFT, Conv, TDA).

Internal Dataset External Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg
Dist (ConvEllip.) Arc. | Svm (tbf) | 79 76 81 81 84 79 | 77 82 73 | 88 88 8 | 90 90 91
FD Ang Svm (rbf) | 83 85 81 81 8 75 | 77 8 70 [ 86 90 8 | 90 90 91
FFT, Dist (Conv.) Ang. | Svm (tbf) | 78 8 77 | 75 77 73 | 73 78 70 | 86 86 8 | 8 80 88
Dist (Conv.) Ang. Svm (rbf) | 84 93 77 | 75 89 64 | 73 90 62 | 84 94 75 | 8 93 79
TDA, Dist (Conv.) Ang. | Svm (rbf) | 81 81 80 | 82 82 8 |74 75 73 |8 78 84 | 8 8 91
Score Fusion 90 91 89 | 8 89 &4 |8 8 77 |91 90 92 [ 95 93 95
Table 7.18: Score-based fusion of five methods. (ConvEllip(Arc), FD, ULBP, Conv, TDA).
External Dataset
. Internal Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg
Dist (ConvEllip.) Arc. | Svm (rbf) | 79 76 81 81 84 79 | 77 82 73 | 88 88 8 | 90 90 91
FD Ang Svm (rbf) | 83 85 81 81 8 75 | 77 88 70 [ 86 90 8 | 90 90 91
ULBP (RibSec.) Morph. | Svm (rtbf) | 72 70 73 [ 67 55 77 |69 57 77 | 68 55 80 | 75 67 81
Dist (Conv.) Ang. Svm (rbf) | 84 93 77 | 75 89 64 | 73 90 62 | 84 94 75 |8 93 79
TDA, Dist (Conv.) Ang. | Svm (rbf) | 81 81 80 (8 8 8 |74 75 73 |8 78 84 |8 8 91
Score Fusion 87 89 8 | 8 84 88 |8 8 8 |91 8 96 | 96 90 100
Table 7.19: Score-based fusion of five methods. (ConvEllip(Arc), FD, ULBP, Conv, HOG).
External Dataset
. Internal Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Imeg |Acc Reg Imeg | Acc Reg leg|Acc Reg Imeg |Acc Reg leg
Dist (ConvEllip.) Arc. | Svm (tbf) | 79 76 81 81 8 79 | 77 82 73 | 88 8 8 |90 90 91
FD Ang Svm (rbf) | 83 85 81 81 8 75 | 77 8 70 [ 86 90 8 |90 90 91
ULBP (RibSec.) Morph. | Svm (rbf) | 72 70 73 | 67 55 77 | 69 57 77 | 68 55 80 |75 67 81
Dist (Conv.) Ang. Svm (rbf) | 84 93 77 |75 8 64 | 73 90 62 | 8 94 75 [ 8 93 79
HOG (RibSec.) Morph. | Svm (poly) | 66 61 70 | 57 39 71 67 50 78 | 64 47 80 | 67 47 81
Score Fusion 8 8 88 |8 B84 8 |8 8 77 [ 8 88 90 |93 90 95

From the results above, we can generally observe that the more classifiers involved in the fusion, the

higher the performance improvements. The fusion of 5 classifiers gives the best performance of 90%,

92%, and 96% for internal, external doctor C, and external agreed cases, respectively. All score-level

fusion schemes show improvements in the performance of different significance even when only two

methods are fused (see Table 7.11).
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7.2.3 Decision Tree-Based Mining of Multi-Classifier

A Decision Tree (DT) is a standard datamining tool. In this section, we shall mine the various developed
irregularity recognition schemes using the DT tool. It exploits the information gained from the decisions
made by the constituent classifiers to construct a hierarchical classification scheme to prioritize testing
the various schemes accordingly. It has obvious similarities with decision-based fusion, but it is more
efficient at the testing stage, whereby it usually extracts fewer feature vectors in making its final
decision. Our is not only to get better performances but to determine the priority of testing the different

classifiers by ranking their performances.

Many methods exist for building a DT; however, they all share similar steps described in the following

[181].

1- An attribute (feature) is selected from the training set to be the tree's root.

2- The training data is split into two subsets according to the selected attribute.

3- A new tree for each subset is constructed.

4- A link is created to connect the root of the current tree to each of the sub-tree roots and labelled
with the attribute's value used to split the two subsets.

5- The same steps beginning from one are repeated to build each new subset tree until all branches

reach a leaf, i.e., no more branching is possible.

The attribute selection step is the most crucial part of building the DT since it involves selecting the
best attribute for splitting the data so that it assigns the maximum number of data samples to the correct
classes. The most common measure for attribute selection is information gain, where an attribute is
selected for splitting the data giving the highest information gain. Information gain can be measured
either using entropy or the Gini index. Entropy is the amount of uncertainty in a set of data or events,
where the higher the uncertainty of an event to happen, the higher its entropy, and consequently, the
higher its information gain. The Gini impurity or Gini index is another measure for information gain
and determines how good a split is in the DT. Entropy and Gini-index are both calculated from the

probabilities of the individual classes in the dataset used for building the tree.

The training set is used to construct a DT, which is then used to predict the unseen testing data. DT is
used as a classifier based on any discrimination features. However, we use the DT to combine the
predicted decisions instead. DT can be built with any number of classifiers contrary to decision-based
fusion. At each branch, the entire data is split in such a way that the information gain is maximised. The
root node is associated with testing the best-performing classifier, and subsequently, at each subsequent
node (branch), if the decisions agree with the agreed class label, then it is made into a leaf; otherwise,

the arriving samples are split according to the decision of another classifier chosen again using
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information gain. The process continues until all samples are classified. In binary classifiers, the

constructed DT is a binary tree.

Although any odd or even number of classifiers from two can be used to build the DT, we attempt to
use the same number of classifiers of two, three, and four for consistency with other fusion schemes.
We again pick the same best methods and combine their decisions based on the DT classification. The
constructed three using the internal testing decisions is then used to test the external testing set, i.e., we

do not fit a new tree on the external testing; the fitted tree on the internal testing is used instead.

7.2.3.1 Two-Methods DT

The following presents the results of combining two methods’ decisions using DT and visualises some
of the constructed DTs. The two methods based on ULBP and HOG from the texture analysis
approaches do not show any performance improvements (see Table 7.20), similar to the previous fusion
schemes. Using the two best methods from borderline analysis approaches shows improvements in the

internal testing on the costs of a wider gap between specificity and sensitivity (see Table 7.21.

Table 7.20: Two methods DT. (HOG, ULBP)

External Dataset
. Internal Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg
HOG (RibSec.) Morph. | Svm (poly) | 66 61 70 | 57 39 71 67 50 78 | 64 47 80 | 67 47 81
ULBP (RibSec.) Morph. | Svm (rbf) | 72 70 73 | 67 55 77 | 69 57 77 | 68 55 80 |75 67 81
Decision Tree 69 72 67 | 64 61 66 | 64 62 65 | 63 59 67 | 70 67 72

Table 7.21: Two methods DT. (ConvEllip(Ang), FD).

External Dataset
. Internal Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Irreg | Acc Reg Irreg | Acc Reg lIrreg | Acc Reg Irreg | Acc Reg Irreg
Dist (ConvEllip.) Ang. | Svm (rbf) | 83 80 8 | 76 77 75 | 74 78 72 | 83 82 84 | 8 80 88
FD Ang Svm (rbf) | 83 85 81 81 8 75 | 77 8 70 [ 86 90 8 | 90 90 91
Decision Tree 8 76 94 | 80 75 84 |78 75 80 | 8 78 92 | 8 77 98

The DT in Figure 7.1 below is constructed from the decisions in Table 7.21. The feature X1, which is
the prediction made by the FD-inspired method, is chosen as the root attribute giving the highest
information gain (Gini=0.496). As seen from the figure, for testing the external dataset, both features
X0 and X1 are always needed, i.e., both classifier predictions are used to get to the final decision. In
this case, the DT is not more efficient than a decision or score-based fusion regarding the number of

classifiers needed to get to the final decision.
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Figure 7.1: DT based on Table 7.21, feature(decisions) X0 = ConvEllip(Ang) and X1=FD.

7.2.3.2 Three-Methods DT

The results of the DT-based method using the three best classifiers are presented in Tables 7.22 to 7.25,
and the best-performing DT method is visualized in the following. Combining decisions from three
classifiers improves internal accuracy by 3%; however, it gives a higher gap between specificity and

sensitivity (see Table 7.22).

Table 7.22: Three methods DT. (ConvEllip(Ang), FD, FFT)

External Dataset
Method Classifier Internal Dataset Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg
Dist (ConvEllip.) Ang. | Svm (rbf) | 83 80 8 | 76 77 75 |74 78 72 | 83 82 84 |8 80 88

FD Ang Svm (rbf) | 83 85 81 81 &8 75 | 77 8 70 | 8 90 82 | 90 90 91
FFT, Dist (Conv.) Ang. | Svm (rbf) | 78 80 77 | 75 77 73 | 73 78 70 | 86 86 8 | 8 80 88
Decision Tree 8 76 94 |8 73 8 |76 70 8 |87 78 96 | 8 77 98

It is interesting to see that the constructed DT picks FD-inspired (X1) again as the root attribute for the
tree, although ConvEllip(Ang) (X0) has the same average accuracy but a higher gap between sensitivity
and specificity. All three methods' predictions are needed to get to the final decision when the DT is
used for testing, which means it is not more efficient than the other two fusion schemes regarding testing

times or the number of involved classifiers.

X1s05
gini = 0496
samples =118
value = [54, 64]
class = Irreg

gini = 0463 gini =048 gini = 0.444 gini = 0.444 gini = 0.463 gini = 0.375
samples = 11 samples = 10 samples =3 samples = 3 samples = 11 samples =4
value =7, 4] value = [4, 8] value =[1, 2] value =[1, 2] value =[4, 7] vdm!?.&]

class = Reg class = Ireg class = Irreg class = Ireg class = Imeg class = lireg

Figure 7.2: DT based on Table 7.22, feature(decisions) X0 = ConvEllip(Ang), X1=FD, and X2=FFT.
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Table 7.23: Three methods DT. (ConvEllip(Arc), FD, FFT)

Internal Dataset External Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Imreg | Acc Reg Imeg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg
Dist (ConvEllip.) Arc. | Svm (rbf) | 79 76 81 81 84 79 | 77 82 73 | 8 88 8 | 90 90 91
FD Ang Svm (rbf) | 83 85 81 81 8 75 |77 8 70 | 8 90 82 | 90 90 91
FFT, Dist (Conv.) Ang. | Svm (rbf) | 78 80 77 | 75 77 73 | 73 78 70 | 86 8 8 | 8 80 88
Decision Tree 8 8 8 |75 77 73 |73 78 70 | 8 8 8 [ 90 90 91

It is interesting to see that combining the three methods, including ULBP, slightly improves the

accuracy of internal and external testing sets by around 1% and 2%, respectively (see Table 7.24).

Table 7.24: Three methods DT. (ConvEllip(Arc), FD, ULBP)

Internal Dataset External Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Irreg | Acc Reg Irreg | Acc Reg lIrreg | Acc Reg Irreg | Acc Reg  Irreg
Dist (ConvEllip.) Arc. | Svm (rbf) | 79 76 81 81 84 79 | 77 82 73 | 88 88 8 | 90 90 91
FD Ang Svm (rbf) | 83 85 81 81 8 75 | 77 88 70 | 86 90 8 | 90 90 91
ULBP (RibSec.) Morph. | Svm (rbf) | 72 70 73 | 67 55 77 | 69 57 77 | 68 55 8 |75 67 81
Decision Tree 84 81 8 [ 8 82 &4 |79 8 78 | 89 90 88 | 92 87 95
Table 7.25: Three methods DT. (ConvEllip(Arc), HOG, ULBP)
External Dataset
. Internal Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg lmeg|Acc Reg lmeg |Acc Reg lImeg |Acc Reg lrreg |Acc Reg lmreg
Dist (ConvEllip.) Arc. | Svm (rbf) | 79 76 81 81 8 79 | 77 82 73 | 88 88 8 |90 90 91
HOG (RibSec.) Morph. | Svm (poly) | 66 61 70 | 57 39 71 67 50 78 | 64 47 80 | 67 47 81
ULBP (RibSec.) Morph. | Svm (rbf) | 72 70 73 | 67 55 77 |69 57 77 | 68 55 80 | 75 67 81
Decision Tree 79 8 73 |8 8 77 |77 88 70 [ 8 92 8 |92 93 91

Unlike the decision-level and score-level fusion, the DT-based scheme shows slight performance

improvements even though the least performing methods, HOG and ULBP, are involved (see Table

7.25).

7.2.3.3 Five-Methods DT

The following presents the final experiment results, which combine five classifiers using DT. All
experiments improve accuracy on both internal and external testing sets of different significance.
However, the combination of five methods, including ULBP, performs the best, achieving 90%, 90%,
and 92% on internal, external doctor C, and external agreed class labels, respectively. Performance is
greatly enhanced when FFT is replaced with the ULBP method, demonstrating that the ULBP method
is better complemented with the methods based on interpolated borderline analysis (see Tables 7.27 and

7.28).
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Table 7.26: Five methods DT. (ConvEllip(Ang), FD, FFT, Conv, TDA)

Internal Dataset External Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Imreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Imreg | Acc Reg Irreg
Dist (ConvEllip.) Ang. | Svm (rbf) | 83 80 86 | 76 77 75 | 74 78 72 | 83 82 84 | 8 80 88
FD Ang Svm (rbf) | 83 85 81 81 8 75 |77 8 70 | 86 90 8 | 90 90 91
FFT, Dist (Conv.) Ang. | Svm (tbf) | 78 8 77 |75 77 73 |73 78 70 | 8 8 86 | 8 80 88
Dist (Conv.) Ang. Svm(rbf) | 84 93 77 |75 89 64 | 73 90 62 | 84 94 75 | 8 93 79
TDA, Dist (Conv.) Ang. | Svm (rbf) | 81 81 80 | 82 8 82 |74 75 73 |8 78 84 |8 8 91
Decision Tree 88 96 8l 79 8 71 75 88 67 | 84 9 78 | 8 93 84

Table 7.27: Five methods DT. (ConvEllip(Arc), FD, FFT, Conv, TDA)

Internal Dataset External Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg
Dist (ConvEllip.) Arc. | Svm (tbf) | 79 76 81 81 84 79 | 77 82 73 | 88 88 8 | 90 90 91
FD Ang Svm (rbf) | 83 85 81 81 8 75 | 77 8 70 | 86 90 8 | 90 90 91
FFT, Dist (Conv.) Ang. | Svm (tbf) | 78 8 77 | 75 77 73 | 73 78 70 | 86 8 8 | 8 80 88
Dist (Conv.) Ang. Svm (rbf) | 84 93 77 | 75 89 64 | 73 90 62 | 84 94 75 | 8 93 79
TDA, Dist (Conv.) Ang. | Svm (rbf) | 81 81 80 | 82 82 8 |74 75 73 |8 78 84 | 8 8 91
Decision Tree 9 98 8 |79 91 70 | 77 92 67 |84 92 76 |8 97 g4
Table 7.28: Five methods DT. (ConvEllip(Arc), FD, ULBP, Conv, TDA)
External Dataset
. Internal Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg
Dist (ConvEllip.) Arc. | Svm (rbf) | 79 76 81 81 84 79 | 77 82 73 | 8 88 8 | 90 90 91
FD Ang Svm (rbf) | 83 85 81 81 8 75 | 77 88 70 | 86 90 8 | 90 90 91
ULBP (RibSec.) Morph. | Svm (rbf) | 72 70 73 [ 67 55 77 |69 57 77 | 68 55 80 | 75 67 81
Dist (Conv.) Ang. Svm (rbf) | 84 93 77 | 75 89 64 | 73 90 62 | 8 94 75 |8 93 79
TDA, Dist (Conv.) Ang. | Svm (rbf) | 81 81 80 |8 8 8 |74 75 73 |8 78 84 |8 8 91
Decision Tree 9 98 83 | 8 91 73 |77 90 68 | 90 96 84 |92 97 88

As shown in figure 7.3 below, the more classifiers (methods) are used in constructing the DT, the more

complex the tree's structure. In contrast to the previous DT based on two and three methods, we can see

that it does not always need all five classifiers’ predictions to predict the external testing labels. For the

leaf shown by the red arrow (1), only three methods (X3, X1, and X4) are used, while the other two

leaves (2) and (3) need four methods predictions. Further, the DT picks the method Conv (X3) as the

root since it has the highest accuracy among the methods.
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X205
gini = 0496
samples = 118
value = (54, 64]
class = Ireg

gni=05

samples =2
value =[1. 1]
class = Reg

Figure 7.3: DT based on Table 7.28, features (decisions) X0 = ConvEllip(Arc), X1=FD, X2=ULBP, X3=Conv, and X3=TDA.

Table 7.29: Five methods DT. (ConvEllip(Arc), FD, ULBP, Conv, HOG)

External Dataset
. Internal Dataset
Method Classifier Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Irreg | Acc Reg Irreg | Acc Reg lrreg | Acc Reg Irreg | Acc Reg lrreg
Dist (ConvEllip.) Arc. | Svm (tbf) | 79 76 81 81 8 79 | 77 8 73 | 88 8 8 |90 90 91

FD Ang Svm (rbf) | 83 85 8l 81 8 75 | 77 8 70 [ 8 90 82 | 90 90 91

ULBP (RibSec.) Morph. | Svm (tbf) | 72 70 73 | 67 55 77 | 69 57 77 | 68 55 80 | 75 67 81
Dist (Conv.) Ang. Svm(rbf) | 84 93 77 |75 8 64 | 73 90 62 | 8 94 75 |8 93 79
HOG (RibSec.) Morph. | Svm (poly) | 66 61 70 | 57 39 71 | 67 50 78 | 64 47 80 | 67 47 81
Decision Tree 88 96 8l 80 8 73 |76 8 68 | 89 94 84 |90 93 88

Similar to the results using score-based fusion, the DT-based combination of two methods of HOG and
ULBP leads to a decrease in the performance, while combining ConvEllip and FD increases the
accuracy by about 3%; however, with a bigger gap between sensitivity and specificity. Interestingly,
the performance of DT based on three methods, including ULBP and HOG, is much better than the
other two decision and score level fusions. The same methods (HOG and ULBP) involved in DT based
on five methods increase the internal testing accuracy by 4%, while it stays almost the same on external

testing.

Three methods of DT show marginal improvements in internal and external testing, while DT, based
on five methods, gives maximum accuracy improvement of 6%, 2%, and 0% on internal, external, and

external agreed testing sets.
7.3 Results Analysis

The performance of the top-performing fusion and DT-based methods is presented in the following
tables 7.30 and 7.31 for comparison. Similar to what we did in chapters 5 and 6, the result boxes of the
best-performing schemes are shaded in various colours depending on the rank of their top performances,
with red, green, and blue designating the first, second, and third best-performing approaches (see Table
5.30 for colour ranking).
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Overall, the score-based fusion using five classifiers performed the best on all testing sets using
individual and agreed doctor's class labels. On the internal testing, the DT-based method with five
classifiers and the score-based with three classifiers performed second and third best, respectively. The
performance ranking is slightly different on the external testing; the decision-based fusion using five
and three classifiers comes second on doctors A and C class labels, while the score-based scheme using
two classifiers comes second on doctor B's class label. The least-performing scheme is a decision based

on three classifiers on internal testing followed by DT with three classifiers.

Table 7.30: Fusion and DT result’s comparison of internal and external testing.

External Dataset
. Internal Dataset
Best Fusion Scheme Doctor A Doctor B Doctor C
Acc | Reg | Irreg | Acc | Reg | Irreg | Acc | Reg | Irreg
Decision 3 Classifiers | 83 85 81 84 78 83 75
Decision 5 Classifiers | 86 93 81 85
Score 2 Classifiers 86 81 91
Score 3 Classifiers
Score 5 Classifiers
DT 2 Classifiers
DT 3 Classifiers
DT 5 Classifiers

0 | 7 | s | s |75 | 80 |

89 90 88
90 96 84

Table 7.31 presents the performance comparison on the external testing set using the agreed class labels.
The score-based fusion of five classifiers performed the best, achieving maximum accuracy of 96% and
a relatively small gap of 5% between sensitivity and specificity. Interestingly decision majority rule
fusion based on both three and five classifiers ranked as the second and third best schemes, with five
methods fusion giving 93% total accuracy and a 0% gap between sensitivity and specificity. The DT-

based scheme using five classifiers performed the worse.

Table 7.31: Fusion and DT result’s comparison of external testing using agreed ground truth.

External Dataset (DS2)
Internal Dataset
Method Agreed Cases
Acc | Reg | Irreg | Acc | Reg | Irreg
Decision 3 Classifiers | 83 81 83
Decision 5 Classifiers | 86 93 81
Score 2 Classifiers 86 81 91 90 83 95
Score 3 Classifiers 84 80 88 90 80 98
Score 5 Classifiers 90 91 89 _
DT 2 Classifiers 86 76 94 89 77 98
DT 3 Classifiers 84 81 86 92 87 95
DT 5 Classifiers 90 98 83 92 97 88

Comparing these results with the best results achieved in chapter 5 using the methods based on the
interpolated borderline analysis presented in Tables 5.31 and 5.32, we can observe improvements of
4% on the internal testing set. The improvements on the external dataset were 5%, 2%, 4%, and 4% for
doctors A, B, and C, and their agreed class labels, respectively. This means the various multi-classifier

schemes outperformed our best-performing methods by around 5%.
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7.4 Summary and Conclusion

In this chapter, we attempted to complement the investigation of the work in chapters 5 and 6 by
building multi-classification schemes using several mixes of schemes from the two different
approaches. We attempted two types of fusion schemes as well as building DT as a hierarchical multi-
classifier. The relatively limited amounts of experimental work confirmed the viability of using the
three approaches to achieve considerable accuracy. In particular, when tested on the subset of the
external dataset where all clinicians reached a unanimous decision, the various DT and all fused
schemes achieved higher accuracy over and above the best-performing single participating schemes.
The results of the best-performing multi-classifier schemes demonstrate that the proposed methods from
the two different approaches of borderline and texture analysis complement each other. However, the
HOG method led to either lower performances or did not improve accuracy. ULBP method, in contrast,
improved the performances when combined with other borderline analysis-based methods. Although
combining the methods using DT did not perform the best, it could be beneficial in building a
hierarchical system, especially at the testing stage, since not all the methods contribute to the final
decision and consequently give faster testing times. Furthermore, the predicted scores can be used as
decision confidence to build the hierarchical classifier, whereby the decisions with low confidence can

go through multiple classifiers to get to a better decision.

In the next chapter, we conclude the thesis and present our future works.

168



Chapter 8: Conclusion and Future Works

The research investigations reported in this thesis aimed to develop automatic machine learning
algorithms for analysing images in terms of the appearance of certain types of abnormal image features
or shapes. The appearance of such abnormalities in different image modalities is of significant
importance in crucial computer vision applications in various fields of science, engineering, medicine,
and art. We were concerned with image abnormalities, the appearance of which indicates potentially
serious defects in the imaged objects/complexes and require timely actions. Two application areas of
interest were identified and investigated: Inspecting cracks in building glass facades and concrete
construction material using digital camera images and determining irregularity properties of tumour
lesion borders from US scan images. In the first case appearance of cracks endanger people and
infrastructures, while lesion border irregularity is one of the main signs the medical communities use

for assessing the malignancy of the tumours.

The nature and reasons for abnormal shapes/features appearing in images of any modalities are often
very specific to the applications, the capturing devices, and the objects/sceneries recorded. Abnormal
features of interest may be associated with different image-disconnected visible structural objects (as is
the case with cracked glass/concrete panels) spread out in the image in an unpredicted manner or related
to one object of interest (as is the case of tumour border irregularity). Furthermore, the examined images
may contain image objects that do not exhibit abnormalities. For example, shadows of external objects
reflected on glass panels should not be mistaken for cracks, although they may exhibit similar structures
but do not persist over time as cracks. This means that in the first case of cracks, the image foreground
needs to be segmented before testing all foreground segments for abnormality properties, while in the
second type of thyroid nodule border, only the closed curve bordering a "segmented" nodule needs to
be determined/estimated and tested for irregularity. These differences in the nature of the image pre-
processing tasks in the two chosen cases add to the challenges associated with differences between
image modalities. Hence, our investigations need to design and apply different pre-processing
procedures in the two cases. In both cases, the pre-processing step produces curve-like segments (with
possible zigzagging). In addition, the geometric properties of the isolated connected segments or the
lesion border provide some common, but not identical, strategies for relevant feature extraction to

determine the sought-after abnormalities.

Since our investigations in both cases are essentially related to image analysis, we found it natural to
expand our investigations by utilising common texture analysis methods developed over the decades
for machine learning in computer vision. We mainly adopted handcrafted feature models for this
approach but conducted limited experiments using CNN models only to test their viabilities. For nodule

border irregularity, the black-box nature of CNN decisions makes them less attractive to clinicians.
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The extracted feature vectors, in both cases, were to be trained and tested by various commonly known
classifiers. However, for this step, we faced challenges of different nature with regard to the availability
of an adequate experimental dataset. In the case of detecting glass fagade cracked panels, the restricting
regulation on using UAVs made it challenging to obtain a sufficiently large dataset; we only managed
to collect a limited amount of video recordings. In the case of lesion border irregularity, experimental
datasets of US tumour scan images need to be collected by clinical centres according to ethical
agreements. Although plenty of such images may have been recorded for some time, no ethical approval
can be obtained for such historically recorded images, and they are not readily usable for training Al

algorithms. We adopted a "reductionist" approach to overcome these challenges described below.
8.1 Crack Recognition in Building Material Case study

This case study originated with a project to develop an Al method to detect cracks in the high rising
building using natural video images captured by commercially available cameras mounted on UAVs.
We conducted a pilot project to build a prototype of a video recording system and developed initial Al
methods for glass crack recognition. This was tested in a small area in China with promising results,
and the pilot resulted in a reasonably sized dataset of videos. To overcome the challenge of developing
well-performing glass fagade panel crack recognition schemes with limited dataset size, we exploited
the fact that the glass panels are significantly large and partitioned each panel into blocks of reasonable
size and considered each as a separate glass image sample. Other publicly available concrete image
datasets were also used in this case study. We evaluated our automatic crack recognition methods on
glass fagade and concrete surface visual images as two construction materials. Several glass datasets

are collected and annotated using drones and Google downloads.

The initial task was focused on extracting suspect image objects/features that exhibit the characteristics
of cracks. For that, we applied a pre-processing method consisting of edge/arc detection algorithms to
obtain a set of connected sequences of adjacent pixels forming visible image features to be examined
for abnormality indicators. The edge drawing (ED) algorithm was the most suitable edge detector due
to its ability to extract thin edges/arcs. The extracted connected objects are mostly continuous but non-
smooth open arcs of different sizes, but occasionally, we get small close arcs. Realising that geometric
parameters computed from these objects encapsulated reliable information about their abnormalities,
we developed feature vector representations of these parameters computed on the aggregate of these
objects as input to the sought-after machine learning classification schemes. The feature vectors
represent changes to curvature or connected pixel configurations along the extracted arcs beside the
new innovative histogram of linearity (HOL). These proposed methods, trained and tested with the
various experimental datasets, have demonstrated high-performance levels for facade glass crack
recognition. The desire to search for abnormality indicators from the entire image rather than those

associated with extracted suspect arcs motivated the use of common texture features such as ULBP and
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HOG as well as CNN models. The significantly high performance of these schemes demonstrated that
abnormality indicators of glass fagade cracks are manifested in the entire image rather than just the
suspect objects. These results also have shown the benefits of using non-traditional machine learning
(CNN) based algorithms for this task. The achieved success justifies the extension of this work to detect
faults in other building materials. Indeed, we developed and tested the same approaches for
automatically detecting cracks in concrete with equally high performance. The proposed methods
achieved accuracies between 70% using linearity on the low-resolution dataset of the glasses (DHD)
and 99% using the CNN model on the publicly available concrete dataset. The performance of the
methods based on HOL, connected pixel configurations, HOG, and ULBP has been improved by
partitioning the input image into equal blocks to increase the feature vector dimensionality achieving
79%, 78%, 88%, and 91%, respectively, on the low-resolution DHD glass dataset. Partition-based
ULBP achieved the highest overall accuracy among all handcrafted features at 95% and 96% when

tested on the high-resolution glass dataset (D4K) and the concrete dataset, respectively.

A prototype of the crack recognition methods used in the glass part of this case study shows the
effectiveness of the suggested methods. The handcrafted techniques are incorporated into prototype
software that can recognise a crack in a video of glass panels and identifies the cracked video frame.
The contributions of the thesis in this case study include collecting various datasets of the glass cracks,
using some of the existing texture features, and developing several new handcrafted features and deep
learning models for crack recognition achieving high performances. However, the proposed methods
could not be evaluated on more generic crack datasets due to the lack of publicly available datasets on
glass cracks and the difficulty of collecting new ones due to privacy limitations. Further, the presence
of many reflections on the glass surfaces, and stains, paints, and holes on the concrete surfaces may
have affected the performance of our proposed vision-based cracks recognition algorithms which are
not addressed in this work. In addition, our methods do not assess individual cracks to show their types

or severity in terms of size, massiveness, and width.

Finally, it is worth pointing out that our use of CNN models came later in this case study when these
models started to make their mark on the machine learning scene and became the preferred state-of-the-
art method in many computer vision application areas. Accordingly, the experimental results achieved
with limited CNN models should only be considered as an attempt to benchmark the performance of

our developed handcraft feature-based schemes against CNN.
8.2 Lesion Border Irregularity Recognition in US Nodule Scan Images

The objective of this case study of automatic border irregularity assessment of thyroid cancer nodules
and the challenges faced are different to those encountered in the first case study. The non-availability

of a sufficiently large dataset of US images suitable for immediate use for developing Al algorithms
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was dealt with by recording a new dataset. Unlike the first case study, each US image contains only one
region of interest representing a nodule. Rather than a fully automatic/manual border segmentation, a
special pre-processing method was designed to estimate the lesion border via bi-cubic interpolation
based on a small set of ROI points marked by experienced clinical radiographers. The more serious
challenge facing the use of Al in this specific case (as in many medical applications) is the interobserver
variability of classifying irregularity results in the absence of unique gold-standard ground truth. In the
first case study, interobserver variability in determining if a glass panel is cracked or not is negligible,

if any.

Similar to the first case study, we followed two approaches: (1) building Al schemes by analysing the
geometric parameters extracted from the interpolated nodule border and (2) building texture analysis
Al schemes extracted from pixel intensities in the immediate surrounding ribbon of the interpolated
borderline. The first approach was presented in chapter 5, whereby several methods are proposed that
assess the border irregularity using borderline distances to several reference shapes fitted to the border
of the nodule. Such reference shapes include a fitted ellipse, a Gaussian shape, a convex hull, and a
fitted ellipse from the convex hull. The distances are either used as a feature vector for input to a
classifier, to build a distance function for further assessments in the frequency domain (FFT), or to be
analysed by TDA for irregularity recognition. The distance function is used additionally for irregularity
region visualisation. Another method not based on distances is inspired by FD and uses an irregularity
index calculated from measurements of the perimeter of the border and fitted ellipse at different scales.
These experimental results demonstrated beyond doubt the viability of determining irregularity of
nodule border from US scan images using a small set of ROI points instead of manual/automatic

segmentation.

The second approach includes several traditional ML and CNN-based methods for irregularity
recognition utilising texture variations around the borderline. This was motivated by the success of the
texture analysis methods developed for the building material cracks, and it is hoped that it indirectly
reduces the effect of errors in marking the ROI points and the subsequent error of estimating the lesion
border by interpolation. Vectorised texture features deployed for this part of the investigations,
conducted in chapter 6, included ULBP, HOG and HOL. A ribbon of variable width is constructed
based on either radial distance from the interpolated border or morphological erosion and dilations
operations to restrict the texture analysis around the borderline for the various texture features. To
further improve the performance of the methods, the ribbon was divided into several sectors to extract
localized border irregularity features and increase the dimensionality of the feature vector. The HOG
and ULBP vectorised features are extracted from the sectors, and the feature histograms are
concatenated to build the feature vector for input to a classifier. Several attempts to improve the
performance of the ULBP-based method have been undertaken, including (1) training a model with

copies of the same image using a generic range of ribbon widths and (2) using lesion size category-
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dependent ribbon widths as input to design a lesion-size adaptive scheme. Though the experimental
results were not as good as those achieved based on the border interpolated curve, confirming the
viability of using the various texture analysis of lesion border ribbons for recognising border
irregularity. The last method of analysing the textures around the borderline is the CNN models based
on VGG16 and ResNet50 architectures. The same ribbon approach is used to crop the regions

surrounding the borderline for input into CNN models.

Generally, the methods of the first approach performed significantly better than the methods of the
second. The border distance-based method achieved the highest accuracy of 87% when analysed using
TDA. However, the FD-inspired method performed better, with a 0% gap between sensitivity and
specificity and an accuracy of 86% on the internal testing set when it was evaluated using the proposed
simple iterative classifier. The two methods achieved the same highest accuracy on external testing
using doctor A ground truth. FD-inspired method on doctors A and B and fitted ellipse from the convex
hull on doctor C’s class labels were the next-best performing methods on the external testing set with
fitted ellipse from the convex method reaching 88% accuracy and 0% gap between the sensitivity and
specificity. Both FD-inspired and fitted ellipses from convex hull-based methods achieved the same
highest performances of 92% and 2% gap between sensitivity and specificity on the external subset
with agreed doctors' class labels. Overall, the FD-inspired method performed the best, followed by the
vectorised distance function-based methods using a fitted ellipse of the convex hull and TDA. The
distance methods using centroid and fitted ellipse as reference performed worse among all methods.
CNN models were used to obtain slightly better performance than ROI-based approaches during
internal testing; however, this performance decreased on external testing. The highest CNN
performance was 89%, 84%, and 88% on internal, external (doctor C ground truth), and external agreed

cases, respectively. However, the performances were still lower than the fusion-based methods.

The efficacy of the proposed methods is demonstrated by developing visualisation tools to illustrate the
various methods developed for lesion border irregularity recognition. Given that various methods of the
two approaches for irregularity recognition were most promising, if not of high performance, several
fusion schemes of the methods are attempted to improve the proposed methods' performance further.
The fusions were conducted at the decision and score levels, and a decision tree was used to build a
hierarchical classifier by combining the method's decisions. All adopted fusion schemes achieved
performance improvement of different significance over the constituent schemes. The score level fusion
performed the best when probability predictions of 5 methods were fused, achieving the highest overall
accuracy of 90% and a gap between sensitivity and specificity of 2% when tested on the internal dataset.
The method's best accuracy on the external dataset is 92%, with a gap between sensitivity and specificity
of 4% when doctor C's labelling is used. The highest overall accuracy of 96% is achieved on the external
agreed cases between the three radiologists. In general, the score-based fusion performed the best,

followed by combining the decisions using a decision tree, and the least performance improvement was
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achieved by majority rule decision fusion. The performance improvements of the various fusion
schemes indicate the complementary nature of our various features extracted for border irregularity

recognition.

In conclusion, the high performance of the various methods proposed in this part of the work shows the
efficacy of the methods based on the ROI points marked by the doctors for border irregularity
recognitions without the need for manual/automatic segmentations. The work also showed that
combining some of the methods from both approaches of ROI only and pixel intensity analysis can

further improve performance.

8.3 Future Work

Here, we present a list of future work relating to the objectives of this thesis for both case studies of
crack recognition in building materials and border irregularity recognition of thyroid nodules. These
suggested additional research investigations go beyond the obvious need for ongoing finetuning of the

developed schemes for improved performance or widening their testing on new and larger datasets.

1. Further development of our work on glass panel cracks recognition to determine crack severity,
depth of cracks and growth of cracks over time. Extend the work on glass fagade inspection
beyond the glass panels to inspect the metal and sealant materials surrounding the glass panels
for serious building faults. Some of these tasks may require imaging sensors other than digital
video cameras. Integrating these new methods with the existing schemes for the glass and
concrete material crack recognition schemes to develop an entire 3D system to be used for

regular assessment of entire building safety.

2. Our list of glass/concrete crack recognition schemes is to be tested and possibly modified or
expanded by using other features to detect faults in other building constructs/complexes, such

as recognising faulty solar panels in solar energy-generating farms.

3. Extend the current work on nodule border irregularity to develop schemes to separately assess
the so-called structural and local irregularities. The structural border irregularity represents
large protrusions and indentations of the borderline, which can also be referred to as shape
irregularity since it represents overall nodule irregularity. On the other hand, local irregularity
is represented in the small zigzags along the borderline. These two types of irregularity might
have different meanings and weights for assessing the malignancy of the lesion [164], [182]

and, therefore, worth assessing independently.
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The two types of border irregularities can be captured by analysing the distance function based
on any of the proposed methods in sections 5.4.3 to 5.4.8 in the frequency domain. It is natural
to assume that the structural irregularities are represented in the lower and the local
irregularities in the higher frequency ranges of the FFT spectrum. Consequently, the FFT-based
method proposed in section 5.4.9.1 can be extended so that we extract two irregularity indexes
or feature vectors from the upper and lower frequency band of the FFT spectrum. Finding the
optimal threshold between the two frequency bands is not trivial and might need to be

determined empirically, and it might be avoided using low and high-pass frequency filters.

4. Convex peel numbers and their centroids can be exploited for shape complexity analysis of
cancer lesions. In chapter 5, we used the convex hull of the RIO border points and its fitting
ellipse for extracting distance functions. The position of the ROI points inside the convex hull
surely impacts the nodule shape and its irregularity characteristics. One can iteratively generate
a sequence of convex hulls, called convex peels, by removing the current convex hull corners
from the set ROI points, starting with the initial convex hull, and a new convex hull is
constructed until all ROI points are used. Figure 8.1 below illustrates different convex peels of
samples of our dataset, including regular and irregular shapes. The nodule's shape in Figure (a)
is almost an ellipse and yields one convex peel, while the nodule in Figure (b) has a more
irregular border and yields two convex peels. The case with a more complex shape in Figure
(c) yields five convex peels, while the most complex shape with elongation on the right side

shown in Figure (d) yields six convex peels.

(b) Irregular, two convex peels.

(c) TIrregular, five convex peels. (d) Trregular, six convex peels.

Figure 8.1: Exploiting the number of convex peels and their centroids for lesion shape complexity analysis. White dots are
the ROI point; different coloured curves are the peel starting with red for the outer one.
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The number of convex peels of a shape could give indications about the complexity of that shape.
Generally, the more convex peels a shape has, the more complex or irregular the shape can be. We
intend to investigate the effect of the number of peels, the trace of their centroids and the use of distance

functions defined by these peels to improve irregularity recognition.
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Appendix A

A.1 Internal Dataset Statistics

The final dataset statistics diagram shows the relation between the number of ROI points and the size
of the lesions (see scatter plot in Figure 5.7). The scatter plot shows strong variations in the number of
ROI points between the lesions. It can be further observed that, in general, the higher the lesion's size,
the higher its number of ROI points. There are also some outliers, such as the green dot on the right side
having 136 ROI points, although its size is smaller than a handful of other lesions. Also, the purple dot
on the top has the biggest size, above 180000 pixels, yet has a relatively small number of ROI points
(around 30 points).
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Figure 1: Distribution of the lesion sizes in relation to their number of ROI points.

A.2 External Dataset Statistics

In the following, we show some external dataset statistics regarding the nodule size, the number of ROI
points, and the nodule size distribution among the two classes. We can see from the histogram in Figure
A.1 b that the majority of the thyroid nodules are of small sizes, around 171-7781 pixels. There are only
two large nodules of around 182000 pixels, and the lesion size distribution is very similar to the internal

dataset DS(395).
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Figure 2: (a) Thyroid cancer lesion (b) size distribution of the lesions across the external dataset.
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Figure 3: Distribution of the number of ROI points across the dataset DS(100).

Figure A.2 above demonstrates that the majority of the nodules from the external dataset have between
23 and 42 ROI points, whereas those from the internal dataset DS(395) were between 15 and 39 points,
indicating that the number of ROI points in the external dataset is typically higher. Next, we present in
the three charts in Figure A.3 the lesion size distribution among the two image classes for each of the
three doctor's ground truths. Like in the internal dataset, there is no significant correlation between

lesion sizes and the regular and irregular classes, although regular classes tend to have slightly larger

sizes.
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Figure 4: Lesion size vs irregularity class distribution across the external DS(100) dataset for three doctor’s labels.

Finally, the three charts in Figure A.4 show the correlation between lesion size and the number of ROI
points. The same observation as in the internal dataset can be seen, where the bigger the lesion size, the
higher the number of ROI points. Additionally, we can see that the irregular cases typically have more
ROI points since the border has more zigzags, which causes the radiologists to appoint more ROI points.
However, one image (the dot on the right side) has the maximum number of ROI points of around 100
that is labelled as irregular by doctors A & C but labelled as regular by doctor B, which demonstrates
the inter and intraobserver subjectivity variation of lesion border irregularity described in section

5.2.23.
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Figure 5: Lesion size vs the number of ROI points distributed across the external DS(100) for three doctors' ground truth.
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Appendix B

B.1 ULBP based on the Whole Ribbon

Table 1: Whole lesion ribbon (radial distances ribbon construction)

ULBP(58) whole ribbon
(gamma='scale', kernel="poly’', degree=9)
Internal Testing External Testing

Doctor A Doctor B Doctor C
Margin Acc Reg. Irreg. | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg
53 50 56 54 52 55 52 50 53 57 55 59
56 59 53 59 59 59 59 60 58 58 57 59
56 59 53 57 59 55 61 65 58 60 61 59
60 50 69 64 57 70 604 57 68 65 57 73
65 63 67 62 64 61 58 60 57 59 59 59
59 46 70 63 55 70 65 57 70 64 55 73
58 44 70 59 45 70 67 55 75 60 47 73
58 54 62 50 39 59 56 45 63 53 43 63
64 65 62 49 43 54 55 50 58 52 47 57
10 57 52 61 57 45 66 59 48 67 58 47 69
11 53 41 62 57 43 68 61 48 70 52 39 65
12 54 48 59 51 36 62 57 43 67 48 35 61
13 59 65 55 57 52 61 61 57 63 54 49 59
14 57 63 52 56 57 55 60 62 58 53 53 53
15 63 57 67 57 41 70 61 45 72 56 41 71
16 62 63 61 52 45 57 54 48 58 51 45 57
17 54 59 50 54 55 54 56 57 55 49 49 49
18 65 65 66 56 43 66 56 43 65 51 39 63
19 64 61 67 53 43 61 61 52 67 52 43 61
20 64 63 66 52 52 52 56 57 55 51 51 51
21 61 61 61 52 45 57 58 52 62 51 45 57
22 63 65 61 53 43 61 57 48 63 50 41 59
23 64 72 58 53 52 54 53 52 53 48 47 49
24 58 56 59 52 41 61 60 50 67 53 43 63
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Table 2: Whole lesion ribbon (morphological ribbon construction).

Internal Testing

ULBP(58) whole ribbon
(gamma='scale', kernel="poly', degree=9)

External Testing

0NN KW~

BRI DD DD — = e
W= OOV NDAWND—=S

Margin Acc Reg
49 33
58 50
56 37
56 41
59 54
59 50
58 54
60 54
58 44
65 63
53 48
61 57
58 54
64 63
59 59
61 63
55 52
58 56
63 63
61 59
58 59
59 65
58 67
56 44

[\
N

Irreg
62

66
72
69
64
67
62
66
69
67
56
64
62
66
59
59
58
59
62
62
58
55
52
66

Acc
59
57
62
54
57
56
57
55
59
57
58
50
57
56
55
59
55
55
54
52
55
56
51
51

Doctor A
Reg Irreg
39 75
55 59
43 77
41 64
50 62
43 66
48 64
45 62
36 77
52 61
48 66
36 61
39 71
50 61
50 59
50 66
48 61
45 62
45 61
43 59
45 62
55 57
48 54
34 64

Doctor B
Acc  Reg [Irreg
55 32 70
59 57 60
62 43 75
60 48 68
61 55 65
58 45 67
61 52 67
55 45 62
65 43 80
61 57 63
64 55 70
54 40 63
59 40 72
58 52 62
59 55 62
63 55 68
59 52 63
59 50 65
60 52 65
60 52 65
63 55 68
56 55 57
51 48 53
55 38 67

Acc
56
54
57
57
60
55
58
54
60
54
55
49
52
53
54
56
52
52
53
51
54
51
46
48

Doctor C
Reg Irreg
37 75
51 57
39 75
45 69
53 67
43 67
49 67
45 63
39 80
49 59
45 65
37 61
35 69
47 59
49 59
47 65
45 59
43 61
45 61
43 59
45 63
49 53
43 49
33 63
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B.2 Ribbon Sectors-based ULBP

Table 3: Ribbon sectors based ULBP using morphological ribbon construction.

SVM (C=100, degree=1, gamma=0.1, kernel="rbf")
Internal Testing

ULBP(58) ribbon sectors

External Testing

Margin Acc
1 58
2 55
3 63
4 59
5 59
6 61
7 64
8 64
9 62
10 63
11 61
12 64
13 69
14 69
15 66
16 70
17 64
18 68
19 69
20 72
21 69
22 72
23 68
24 69

Reg

59
59
57
54
48
54
61
63
54
61
56
63
70
70
65
70
65
70
67
63
63
70
69
69

Irreg
58
52
67
64
69
67
66
64
69
64
66
66
67
69
67
70
64
66
72
80
75
73
67
69

Doctor A
Acc Acc Reg
53 45 59
61 59 62
72 61 80
63 50 73
70 55 82
67 52 79
67 55 77
69 57 79
64 52 73
66 59 71
64 55 71
68 57 77
66 57 73
66 55 75
68 57 77
68 61 73
67 59 73
65 57 71
63 52 71
67 55 77
68 57 77
67 55 77
69 57 79
67 55 77

Doctor B
Irreg Reg  Irreg
57 50 62
63 62 63
68 57 75
61 48 70
70 55 80
69 55 78
69 57 77
71 60 78
74 65 80
68 62 72
66 57 72
68 57 75
70 62 75
68 57 75
72 62 78
66 60 70
71 65 75
67 60 72
61 50 68
73 62 80
70 60 77
69 57 77
67 55 75
65 52 73

Doctor C
Acc Reg Irreg
56 49 63
68 65 71
69 57 80
62 49 75
71 55 86
70 55 84
70 57 82
72 59 84
71 59 82
67 59 75
65 55 75
67 55 78
69 59 78
67 55 78
71 59 82
69 61 76
70 61 78
66 57 15
62 51 73
70 57 82
69 57 80
68 55 80
68 55 80
66 53 78

Agreed Cases

Acc
59
68
77
67
78
75
75
78
77
74
71
75
75
74
78
74
77
73
67
78
77
75
75
73

Reg
50
63
60
50
60
60
63
63
63
67
60
63
67
63
67
67
70
63
57
67
67
67
63
60

Irreg
65

72
88
79
91
86
84
88
86
79
79
84
81
81
86
79
81
79
74
86
84
81
84
81
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B.3 ULBP based on Code Groups

Table 4: G3 tested on the internal and external testing set.

ULBP(G3) ribbon sectors

SVM (C=100, degree=1, gamma=0.1, kernel="rbf")

External Testing

Internal Testing
Margin ACC Reg
1 55 54
2 64 70
3 61 57
4 64 57
5 64 69
6 60 59
7 68 74
8 69 74
9 65 67
10 69 69
11 72 72
12 68 69
13 69 74
14 69 63
15 70 72
16 67 76
17 69 76
18 63 67
19 67 72
20 63 67
21 60 65
22 64 63
23 67 72
24 66 69

Irreg
56

59
64
69
59
61
62
64
64
69
72
67
64
73
69
59
64
59
62
59
56
64
62
64

Acc
58
65
59
69
65
66
63
65
62
61
64
66
66
60
64
59
66
64
64
65
59
62
66
65

Doctor A
Reg Irreg
61 55
64 66
50 66
64 73
64 66
55 75
57 68
59 70
57 66
57 64
52 73
55 75
55 75
43 73
61 66
64 55
59 71
55 71
57 70
57 71
52 64
52 70
57 73
52 75

Doctor B
Acc Reg Irreg
54 57 52
61 60 62
63 55 68
55 48 60
65 65 65
62 50 70
65 60 68
71 68 73
60 55 63
57 52 60
60 48 68
62 50 70
60 48 68
62 45 73
60 57 62
59 65 55
64 57 68
66 57 72
66 60 70
65 57 70
63 57 67
62 52 68
68 60 73
65 52 73

Acc
55
66
64
62
66
69
68
72
63
60
61
63
63
63
67
62
69
67
67
68
64
65
69
66

Doctor C
Reg Irreg
57 53
63 69
55 73
55 69
63 69
57 80
61 75
65 78
57 69
55 65
49 73
51 75
51 75
47 78
63 71
65 59
61 76
57 76
59 75
59 76
57 71
55 75
59 78
53 78
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B.4 Model Training using Multiple Generic Margin Widths

Testing Model 1 on the external dataset:

Table 5: Modell testing on the external dataset.

Margin
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External Testing

Model 1
Doctor A Doctor B Doctor C Agreed Cases
Acc Reg Ireg | Acc Reg Irreg | Acc Reg Irreg | Acc Reg [Iireg
50 57 45 60 70 53 55 61 49 58 70 49
57 48 64 65 57 70 62 53 71 66 57 72
62 50 71 66 55 73 65 53 76 70 53 81
65 52 75 67 55 75 68 55 80 73 57 84
68 57 77 66 55 73 69 57 80 74 60 84
68 57 77 70 60 77 73 61 84 77 63 86
69 57 79 71 60 78 72 59 84 77 63 86
69 64 73 71 68 73 72 65 78 77 70 81
69 61 75 73 68 77 72 63 80 78 70 84
68 61 73 74 70 77 73 65 80 78 73 81
68 61 73 72 68 75 71 63 78 77 70 81
69 59 77 75 68 80 72 61 82 79 70 86
71 64 77 73 68 77 74 65 82 79 70 86
69 64 73 71 68 73 72 65 78 77 70 81
68 64 71 74 72 75 73 67 78 78 73 81
74 68 79 74 70 77 77 69 84 82 73 88
74 70 77 74 72 75 77 71 82 82 73 88
71 68 73 71 70 72 74 69 78 78 70 84
74 68 79 72 68 75 75 67 82 81 70 88
71 64 77 69 62 73 72 63 80 77 63 86
71 68 73 69 68 70 72 67 76 77 70 81
69 59 77 71 62 77 72 61 82 77 63 86
67 61 71 67 62 70 68 61 75 73 63 79
66 61 70 66 62 68 69 63 75 73 63 79
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Testing Model 2 on the External Dataset:

Table 6: Model2 testing on the external dataset.

External Testing
Model 2

Doctor A Doctor B Doctor C Agreed Cases
Margin Acc Reg [Ireg | Acc Reg Irreg | Acc Reg lIrreg | Acc Reg lIrreg
1 57 39 71 63 45 75 60 43 76 63 43 77
2 59 39 75 61 40 75 58 39 76 63 40 79
3 59 32 80 59 30 78 58 33 82 62 33 81
4 62 34 84 60 30 80 61 35 86 64 37 84
5 61 39 79 59 35 75 60 39 80 63 40 79
6 63 39 82 63 38 80 64 41 86 67 43 84
7 62 39 80 66 43 82 65 43 86 68 47 84
8 65 45 80 67 48 80 66 47 84 71 53 84
9 61 36 80 65 40 82 64 41 86 67 43 84
10 64 41 82 66 43 82 65 43 86 70 47 86
11 62 41 79 68 48 82 67 47 86 70 47 86
12 63 45 77 67 50 78 68 51 84 70 50 84
13 63 48 75 63 48 73 66 51 80 67 50 79
14 62 50 71 64 52 72 67 55 78 67 53 77
15 63 52 71 67 57 73 68 57 78 70 60 77
16 66 59 71 68 62 72 69 61 76 73 67 77
17 69 64 73 69 65 72 72 65 78 75 70 79
18 68 66 70 66 65 67 69 65 73 73 70 74
19 67 66 68 65 65 65 68 65 71 71 70 72
20 67 68 66 63 65 62 68 67 69 70 70 70
21 66 66 66 64 65 63 69 67 71 70 70 70
22 62 64 61 58 60 57 63 63 63 63 63 63
23 61 64 59 57 60 55 62 63 61 62 63 60
24 61 64 59 55 57 53 60 61 59 60 60 60

B.5 Model Training Depending on Different Lesion Size Categories

Table 7: ULBP method trained and tested on three subsets of the dataset (small, medium, and large size lesions).

Small Size Medium Size Large Size
ULBP (58), SVM-poly ULBP (58), SVM-poly ULBP (58), SVM-poly
Margin  Acc Reg Imreg Margin Acc Reg Irreg Margin  Acc Reg Irreg
1 62 19 92 1 63 8 93 1 66 87 33
2 65 40 83 2 67 19 93 2 66 88 31
3 65 58 69 3 66 23 90 3 68 86 41
4 70 68 71 4 65 31 85 4 71 87 47
5 72 66 76 5 66 35 84 5 72 87 48
6 71 70 72 6 70 43 85 6 73 87 51
7 71 68 72 7 70 45 84 7 70 86 45
8 70 64 73 8 71 47 84 8 69 85 45
9 71 68 73 9 74 53 85 9 72 86 49
10 75 73 76 10 76 53 89 10 74 88 53
11 77 75 79 11 76 51 90 11 72 87 49
12 74 73 73 12 76 51 90 12 73 87 51
13 74 73 75 13 75 53 88 13 75 89 53
14 73 71 75 14 76 57 86 14 72 88 49
15 70 69 71 15 76 57 86 15 72 88 49
16 70 69 69 16 75 54 86 16 73 90 47
17 71 68 72 17 75 54 88 17 75 90 51
18 69 64 72 18 74 49 88 18 75 90 51
19 71 68 72 19 74 49 88 19 72 89 47
20 68 60 73 20 75 47 90 20 72 90 45
21 67 58 73 21 74 45 90 21 72 90 45
22 70 65 73 22 72 45 86 22 70 87 43
23 69 64 72 23 70 45 84 23 71 89 43
24 71 66 73 24 70 45 84 24 72 87 48
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Table 8: ULBP method trained and tested on a subset of the dataset (small size lesions).

Small Size

ULBP (58), protocoll
SVM (C=100, degree=1, gamma=0.1, kernel="rbf")
Internal Testing

External Testing

Margin Acc
1 64
2 65
3 71
4 69
5 69
6 68
7 70
8 72
9 74
10 76
11 76
12 76
13 75
14 72
15 72
16 73
17 72
18 69
19 71
20 70
21 68
22 70
23 70
24 70

Reg
19
40
60
55
58
65
66
66
68
71
74
73
71
69
66
71
68
63
69
66
61
63
64
64

Irreg
96

82
79
79
78
71
73
75
79
80
78
78
78
74
75
74
74
73
72
73
73
74
74
74

Doctor A
Acc  Reg Irreg
53 24 88
52 31 78
50 34 69
50 35 68
51 36 68
49 36 66
48 35 63
49 38 62
50 39 63
51 40 63
52 42 604
52 40 66
53 42 66
51 42 63
55 44 68
52 40 67
52 37 69
52 39 68
52 41 66
53 44 64
53 45 64
53 44 64
54 44 66
54 45 66

Doctor B
Acc  Reg [Irreg
63 25 86
60 33 77
58 37 70
57 39 69
55 36 66
55 37 66
54 36 65
55 40 63
54 40 63
54 40 62
54 41 62
56 41 65
56 43 64
56 44 63
58 45 66
55 40 65
56 37 67
57 40 66
54 40 63
55 43 62
54 43 61
54 41 61
52 39 60
53 40 60

Doctor C
Acc  Reg Irreg
53 21 84
51 28 74
54 36 71
55 39 71
53 38 69
54 39 68
52 37 66
52 40 64
53 41 65
53 41 64
54 43 65
56 44 69
56 44 67
56 46 67
60 48 71
57 44 70
60 45 76
60 46 74
57 45 69
58 48 68
59 49 68
58 48 68
57 46 67
57 47 67
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Table 9: ULBP method trained and tested on a subset of the dataset (large-size lesions).

Large Size
ULBP (58), protocoll
SVM (C=100, degree=1, gamma=0.1, kernel="rbf")
Internal Testing External Testing
Doctor A Doctor B Doctor C
Margin Acc. Reg. Irreg. | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg
1 61 71 51 58 58 58 59 58 59 59 57 61
2 64 73 56 65 61 68 64 58 69 68 61 74
3 69 73 65 67 65 68 69 66 71 73 68 78
4 66 68 64 67 67 68 66 63 68 70 66 74
5 68 70 67 71 71 71 71 69 73 74 69 78
6 69 70 69 70 65 73 69 62 74 73 64 81
7 71 73 69 69 64 72 66 58 71 71 62 79
8 68 72 65 68 65 69 68 64 71 71 66 77
9 71 76 66 68 63 71 68 62 73 70 61 77
10 69 70 70 67 61 70 69 62 74 70 62 78
11 70 71 70 68 61 72 69 62 75 70 61 79
12 70 70 70 69 63 73 70 62 76 72 62 81
13 69 69 69 72 70 73 72 68 75 75 68 81
14 69 69 70 73 70 74 73 69 77 76 68 83
15 68 69 68 73 70 75 73 68 77 75 68 83
16 70 70 71 74 73 75 72 67 75 77 70 83
17 70 70 71 71 66 74 72 65 77 75 66 83
18 71 72 71 72 67 74 71 65 76 75 67 83
19 70 71 70 71 67 74 71 65 75 75 67 83
20 72 72 73 70 65 73 71 64 75 74 65 81
21 73 73 74 71 67 73 70 65 74 74 66 81
22 71 69 74 71 70 72 71 67 73 75 69 80
23 72 69 74 71 67 73 72 66 76 75 67 82
24 71 70 72 72 68 74 73 68 77 75 68 83
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B.6 HOG-based Method

Table 10: experimental results of the HOG method based on ribbon using nine sectors on internal and external testing sets.

HOG ribbon sectors
SVM(C=1, degree=5, gamma=1, kernel="poly")
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
Margin Acc Reg Irreg | Acc Acc Reg|lIrreg Reg Irreg | Acc Reg Imreg | Acc Reg lrreg
1 58 69 50 41 45 38 (49 55 45 46 51 41 44 47 42
2 61 61 61 50 45 54 |52 48 55 53 49 57 52 47 56
3 57 61 53 55 48 61 |55 48 60 54 47 6l 56 50 60
4 57 44 67 59 50 66 |57 48 63 54 45 63 59 57 60
5 53 44 6l 61 45 73 |63 48 73 60 45 75 64 50 74
6 58 46 67 62 43 77 |66 48 78 63 45 80 68 50 81
7 56 56 56 62 43 77 |66 48 78 63 45 80 68 50 81
8 64 61 66 58 43 70 |56 40 67 57 43 71 59 40 72
9 59 52 66 63 39 82 |73 50 88 68 45 90 74 50 91
10 59 52 66 65 48 79 |69 52 80 66 49 82 73 53 86
11 56 39 70 61 34 82 |69 43 87 66 41 90 70 40 91
12 60 44 73 63 34 86 |71 43 90 66 39 92 73 43 93
13 60 43 75 60 30 84 |70 40 90 63 35 90 70 40 91
14 60 56 64 59 43 71 |63 48 73 62 47 76 66 50 77
15 61 50 70 60 30 84 |72 43 92 63 35 90 71 43 91
16 64 54 72 65 45 80 |69 50 82 66 47 84 74 53 88
17 60 56 64 59 45 70 |65 52 73 62 49 75 67 50 79
18 63 48 75 61 32 84 |75 48 93 66 39 92 74 47 93
19 63 59 66 60 45 71 |66 52 75 63 49 76 68 50 81
20 62 56 67 59 43 71 |65 50 75 62 47 76 67 47 81
21 68 57 77 |57 36 73 |59 38 73 |58 39 76 |62 37 79
22 64 61 66 59 43 71 |65 50 75 62 47 76 67 47 81
23 66 61 70 55 36 70 |65 48 77 62 45 78 64 43 79
24 66 61 70 |57 39 71 |67 50 78 |64 47 80 |67 47 81

B.7 Histogram of Linearity

Table 11: Whole ribbon(morphological) using protocol3.

HOL Whole Ribbon HOL Ribbon Sectors HOL Ribbon Sectors
SVM(kernel="rbf") SVM( kernel="rbf") (kNN k=1)
Internal Testing Internal Testing Internal Testing

Margin  Acc. Reg. [Iireg. Margin  Acc. Reg. [Irreg. Margin  Acc. Reg. [Ireg.
10 53 65 44 10 58 26 84 10 60 58 62
11 52 26 73 11 57 23 86 11 44 64 27
12 53 6 92 12 55 42 67 12 44 64 27
13 53 54 52 13 59 30 84 13 48 28 65
14 48 54 44 14 49 30 65 14 50 32 65
15 48 30 64 15 53 36 68 15 44 55 35
16 47 57 38 16 53 26 76 16 54 77 35
17 53 61 47 17 53 21 79 17 50 74 30
18 48 59 39 18 49 33 62 18 52 93 17
19 56 9 95 19 55 56 55 19 53 85 25
20 54 6 95 20 58 42 71 20 47 81 19
21 57 59 55 21 55 51 59 21 53 53 52
22 57 11 95 22 53 45 59 22 58 32 79
23 49 63 38 23 47 38 54 23 52 17 81
24 43 52 36 24 47 47 48 24 48 40 56
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B.8 CNN-based Method

Table 12: VGG16 model using ribbon width (margin) of 12.

VGG16
Margin=12
Internal Testing External Testing
Doctor A Doctor B Doctor C Agreed Cases
Fold Acc. Reg. Irreg. | Acc Acc Acc | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Irreg
1 89 88 89 82 80 84 74 72 78 81 82 80 88 88 87
2 86 95 75 81 84 77 75 77 73 82 88 76 88 95 77
3 90 95 83 80 82 77 76 77 75 83 88 78 88 93 80
4 91 88 94 78 79 77 76 75 78 81 84 78 86 91 80
5 90 86 94 80 79 82 74 72 78 81 82 80 86 88 83
Avrg 89 91 87 80 81 80 75 74 76 82 85 78 87 91 81
Table 13: VGG16 model using ribbon width (margin) of 18.
VGG16
Margin=18
Internal Testing External Testing
One Doctor Doctor A Doctor B Doctor C Agreed Cases
Fold Acc. Reg. Imreg. | Acc Reg Irreg | Acc Reg Ireg | Acc Reg Irreg | Acc Reg Irreg
1 85 84 86 81 79 84 75 72 80 84 84 84 88 91 83
2 91 93 89 85 86 84 77 77 78 84 88 80 92 95 87
3 91 95 86 84 80 89 76 72 83 85 84 86 90 91 90
4 87 86 89 80 79 82 74 72 78 81 82 80 86 88 83
5 90 86 94 81 80 82 73 72 75 80 82 78 86 88 83
Avrg 89 89 89 82 81 84 75 73 79 83 84 81 88 91 85
Table 14: ResNet50 model using ribbon width (margin) of 12.
ResNetS0
Margin=12
Internal Testing External Testing
One Doctor Doctor A Doctor B Doctor C Agreed Cases
Fold Acc. Reg. Irreg. | Acc Reg Irreg | Acc Reg Irreg | Acc Reg Iireg | Acc Reg [Irreg
1 81 74 89 77 64 93 69 57 88 76 65 88 81 74 90
2 84 84 83 81 80 82 79 77 83 82 84 80 90 93 87
3 90 95 83 77 68 89 71 62 85 80 73 88 82 77 90
4 89 86 92 78 75 82 68 65 73 77 76 78 82 81 83
5 83 74 94 78 68 91 70 60 85 79 71 88 82 77 90
Avrg 85 83 88 78 71 87 71 64 83 79 74 84 84 80 88
Table 15: ResNet50 model using ribbon width (margin) of 18.
ResNetS0
Margin=18
Internal Testing External Testing
One Doctor Doctor A Doctor B Doctor C Agreed Cases
Fold Acc Reg Irreg | Acc Reg Irreg | Acc Reg Imreg | Acc Reg Irreg | Acc Reg [Irreg
1 81 79 84 82 77 89 78 72 88 87 84 90 92 91 93
2 81 88 72 77 80 73 79 80 78 84 90 78 88 93 80
3 86 86 86 76 71 82 76 70 85 87 84 90 86 86 87
4 89 84 94 77 79 75 75 75 75 82 86 78 85 91 77
5 81 79 83 78 79 77 72 72 73 79 82 76 84 88 77
Avrg 84 83 84 78 77 79 76 74 80 84 85 82 87 90 83
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