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ABSTRACT

Various imaging technologies have been employed to investigate skin tissues over the years,
but their inadequate sensitivity, specificity, and accuracy limit their usage. Optical coherence
tomography (OCT) is a promising imaging technique in comparison to other imaging
modalities since it is a non-invasive imaging modality with a high resolution that can do cellular
level imaging as well as provide depth information. This imaging technique has been widely
utilised to examine tissues in the human body, demonstrating its clinical promise. Furthermore,
OCT can be regarded a possible tool for identification, however modern high-speed OCT
systems capture a large amount of data, making human interpretation a time-consuming and
tiresome operationComputer-aided diagnostic (CAD) systems can support clinicians in
diagnosing by rapidly assessing large amounts of data. The goal of this thesis is to create a
CAD system that uses OCT for human tissue measurement. The feasibility of fully automated
guantitative assessment based on morphological aspects of human tissue, which will become a
biomarker for the removal of non-viable skin, is described in this thesis research work.

We developed an automated algorithm for the classification of malignant and benign
human skin tissue, using the dermoscopic images. The resulting algorithm gives a prospective
approach for skin tissue characterization, which presents tangible findings in normal and
melanoma infected skin tissue by statistical means. Our proposed automated procedure entails
building a machine learning based classifier by extracting the features of normal and infected
skin images, augmented with various classical transformations and Generative Adversarial

Network. The resultant model obtained good accuracy by adding the synthetic data.

Further,a robust machine learning approach was utilised to correctly and automatically
identify breast cancer tissue. We presented a novel approach combining pre-trained deep
convolutional neural network (CNN) inception-V3 with DCGAN and optical coherence
tomography (OCT) imaging modality for classification of human breast tissue. The preliminary
results demonstrate the feasibility of using deep learning algorithms with OCT images to
perform the automated assessment of breast cancer margin. The results obtained from the
classifier has better performance metrics for the diagnosis of breast cancer in terms of accuracy,

specificity and sensitivity.

In the next part of this thesis, an automated full-field polarization sensitive optical
coherence tomography diagnostic system I CT) was developed which would be more
accessible to laboratories as a research tool for the investigation of biological applications.
Spatial phase features were extracted for the investigation of breast cancer tissue. A 2D camera

was used instead of the photodetector that records the emfaee image (orthogonal to the

Vi



optical axis) in the single shot. A number of optical parameters of the tissue obtained from their
phase images is used to differentiate between healthy and malignant tissues with SVM
classifier. Results suggest tHeE-PSOCT can be considered as a strong aspirant for robust

and automated diagnosis of breast cancer tissue.

In the last part, a new method to detect skin cancer has been developed, which is more
accurate than previous methods. The edges are recognised using a canny edge detector afte
the input PH dataset image is transformed to gray images using gray scale conversion. For
edge identification, the canny edge detector employs a multi-stage approach that is smoothed
and run through a non-linear kernel-based ICA. SVM and the Naive Bayes classifieredere us

which produced accurate results than previous approaches.
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CHAPTER 1
INTRODUCTION

1.1 INTRODUCTION

The theory of tissues was first proposed in 1801 by Xavier Bichat, a French pathologist and
anatomist. He implied that tissues are a basic component of human life systems, and that organs
are essentially assemblages of various tissues. A tissue is described in science as a collection
of cells that share a common structure and execute a certain function. The term "tissue" comes
from the French and meaning "to weave." Muscle tissue (skeletal, smooth, and cardiac muscle
tissues), Connective tissue (tendon, bone, fat, and soft padding tissue), Nervous tissue (spinal
cord, neurons, and brain), and Epithelial tissue (found on the skin surface and lines the
gastrointestinal tract organs) are the four types of tissues in general [1]. Cancer is capable of
causing tissue damage. A tumour can occur when a mass of malignant cells becomes large
enough. Furthermore, cancer cells can infiltrate neighbouring tissues, break off, and move to
other parts of the body, resulting in the creation of new tumours in those locations. Sarcomas
are tumours that arise in the soft tissues of the body, such as fat, fibrous tissue (ligaments and
tendons), muscles, lymph arteries, and blood vessels. The most common site of cancer
formation is the epithelial tissue [2]. Carcinomas are tumours that begin in epithelial tissue and
account for up to 90% of all human cancers. The discovery of pathogenic modifications in
biological tissues at an early stage is critical for early clinical diagnosis and a reduction in the
severity and mortality of many diseases. In terms of early detection, the present standard of
treatment falls short for some conditions. Invasive biopsy and histological testing, for example,
are the current gold standard for finding neurotic changes early in sickness. Patient pain and
tissue obliteration prevent large-area biopsying, decreasing the method's overall sensitivity.
Furthermore, the doctor is unable to get an instant information because its a time-consuming

and laborious process [3].

One strategy used to manage malignant growth at all stages is multimodal biomedical imaging.
Imaging can provide a lot of information about morphology, structure, digestion, and function
as a vital component of malignant development medical care. Imaging approaches combined
with other perceptual devices, such as fluid analysis and in vitro tissue, might aid in clinical
evaluation [4]. Blended imaging technologies can provide useful information for improving
therapeutic planning and staging. Imaging is used to locate minimally invasive treatments in

order to improve outcomes and reduce side effects. Early disease detection using imaging-



based screening is probably the most important element in lowering the fatality rate of some
malignant growths [5]. Imaging is the most important modality for detecting any disease early
on, provided that image acquisition does not cause harm to the human body, as image analysis
is critical. Numerous imaging modalities, including X-ray, ultrasound, magnetic resonance
imaging (MRI), and endoscopy, have been explored forimaging, although they can
occasionally cause harm to the human body [6]. Exceptional efforts have been made over many
decades to develop imaging equipment for the study of human skin tissue. Imaging modalities
are critical for detecting diseases, staging them, diagnosing them, restaging them, and
monitoring their response to therapy [7]. It is unique in its ability to collect data on the human
body and may be utilised to advance our understanding of neurobiology and human behaviour
[7,8]. Numerous existing and innovative imaging modalities are now the focus of active and
promising research. This section goes over the many imaging techniques, both invasive and
non-invasive, that can be used to identify and characterise tissue. The following is a list of the

several imaging techniques that are used to evaluate human skin tissue:

Radiography: In medical imaging, two forms of radiographic images are used: fluoroscopy,
which uses a continuous stream of X-rays to provide real-time images of the internal structure,
and projection radiography (X-rays), which is used to determine the degree and type of fracture
[8]. Another advancement is a conventional X-ray imaging technique that is based on the
attenuation coefficient of the sample. Unfortunately, when utilised for tissue imaging, it is
unable to generate significant image contrast. Figure 1.1 (a) [9] illustrates an X-ray image,

whereas (b) illustrates a chest X-ray and fluoroscopy image [10].

Shoulder Pelvis

Figure 1.1 (a) Example X-ray images



Figure 1.1 (b) Chest X-ray and fluoroscopy image

Computed Tomography Imaging: Computed Tomography (CT) is a form of advanced
radiography in which X-rays and a computer are used to create cross-sectional images of the
body. It is considered a more prevalent imaging technique than radiography for viewing soft
tissues such as the brain, liver and abdominal organs [11]. The brain CT images are shown in
figure 1.2 [12]. However, the configuration of skin tissue cannot be determined using CT

technology.

Figure 1.2 CT scan brain images

Magnetic Resonance Imaging (MRI): In MRI, better field quality result in two-layered
images with a higher objective (2D). With advancement, it is capable of moulding three-layered
(3D) blocks, which are considered to be the equivalent of a single cut. Over atomic imaging,

research is being conducted using several differentiation agents in conjunction with MRI. In



tissue imaging, its limited spatial resolution, low responsiveness, and lengthy handling time

precluded its use [13,14]. Figure 1.3 [15] illustrates an MRI image.

(b) MRI (brain) (c) fMRI (brain)

Figure 1.3 Example MRI images

Ultrasound: Ultrasound (US) produces three-dimensional images by utilising high-recurrence
sound pulses. When compared to the aforementioned imaging methods, it often provides less
physical information but has advantages due to its proclivity to continuously inspect the
capability of moving designs without emitting ionising radiation. Due to its ongoing evaluation,
it is frequently used for tissue organisation and the development of novel image processing
techniques. It requires touch with the skin in order to focus on the morphology of the tissue.
Non-contact ultrasonography, on the other hand, is being investigated. The strategy's downside
is its somewhat poor contrast for sensitive tissue [16]. However, its application is limited
because it is operator-dependent and cannot take a global view of the tissue. Figure 1.4 [17]

contains examples of ultrasound pictures.

Figure 1.4 Examples of ultrasound images

Elastography: It is a novel and promising imaging technique since it depicts the elasticity of

sensitive tissue. To summarise, this imaging method is advantageous because it enables the
4



differentiation of atypical tissue from normal tissue in explicit organs [18]. Different
elastography approaches have been developed and found to be useful in a variety of areas of
therapy monitoring and clinical diagnostics as a result of the use of various imaging modalities
such as ultrasound, tactile imaging, and MRI. Due of its low resolution, its utility is limited.

The liver elastography images are shown in Figure 1.5 (a) and (b) [19].

(b)

Figure 1.5 (a), (b) Liver elastography images

Nuclear medicine: Also referred to as molecular therapy and diagnostic imaging due to the
fact that it incorporates diagnostic imaging into the treatment of disease. The most significant
advancement in nuclear medicine imaging is the ability to deliver anatomical and functional
information in a hybrid system. The hybrid system combines MRI's morphological and
functional information with PET's physiological data [20]. Nuclear medicine imaging is
illustrated in Figure 1.6 [21]. This imaging modality facilitates the application of PET/CT

fusion in various fields, such as amyloid imaging oncology.



Figure 1.6 Example of Nuclear Medicine Imaging

Photoacoustic Imaging: The photoacoustic effect lies at the heart of today's multimodal
biomedical imaging procedures. It combines the advantages of an ultrasonic spatial target with
the contrast of optical assimilation for profound imaging. As per ongoing research, this imaging
technique can be used in vivo for skin melanoma identification, growth appraisal, blood
oxygenation mapping and the functional brain imaging, among other applications [22].

Photoacoustic Imaging for Breast Cancer Management is depicted in Figure 1.7 [23].

Figure 1.7 Photoacoustic Imaging for management of Breast Cancer

The aforementioned imaging methods either suffer from low resolution, a lengthy data
acquisition time, or a limited depth penetration. Historically, imaging techniques was used

exclusively for disease detection and painless (non-invasive) mapping of various structures.



Nonetheless, after a paradigm shift, it has been determined that advancements in numerous
clinical imaging technologies are necessary to provide meaningful data about organ function,
physiology, atomic science, and usable and digesting genetics. Additionally, the high-level
processes may be capable of evaluating the organic cycles and condensing the purposeful
ingredients into an ideal physical image [24]. Additionally, advanced imaging methods are
popular in medical procedures. These advancements in clinical imaging are contingent upon
the development of imaging biomarkers for the early detection and treatment of disease, in both
functional and molecular imaging. The improvement of optical techniques has facilitated the
assessment of optical qualities for tissue imaging; thus, the viability of laser therapy is
dependent upon the rate of photon conveyance and dissemination within illuminated tissues.
The photodynamic therapy destroys the tissue's optical characteristics, allowing light to be
absorbed by the exposed skin [25]. As a result, information on the optical characteristics of
tissue plays a significant role in determining its strength. Additionally, a novel optical
innovation with regard to tissue dispersion and retention capabilities over a broad frequency
range is predicted to be developed for the treatment of obesity and cellulite. It poses fewer risks
and discomforts for the user when compared to commonly used drugs and cautious medications

[26].

Optical imaging: This imaging technique appears to have significant potential for diagnosing
and treating disease. It has a number of advantages over other imaging modalities. To begin,
non-ionizing radiation is used to expose the patient to harmful rays, allowing for repeated
investigations over time. Second, it is employed as a modality for multimodal imaging [27].
Thirdly, it characterises the biological tissue that will be used to analyse chemicals and
functional levels. It is compatible with different imaging modalities and encompasses a wide

range of imaging resolutions. The OCT image of a normal fundus is depicted in figure 1.8 [28].

Figure 1.8 OCT image of a normal fundus



Skin Cancer and Breast Cancer are the most common diagnosed cancers among women around

the world [29]. The human skin tissue and breast tissue can be affected by cancer.

Skin Cancer - Skin Cancer is a form of cancer that develops in the skin's tissues. Skin cancer
comes in a variety of forms. Melanoma is a type of skin cancer that develops in melanocytes
(pigment or colour producing skin cells). Basal cell carcinoma is a type of skin cancer that
develops in the lower epidermis (the outer layer of the skin). Squamous cell carcinoma is a type
of skin cancer that develops in squamous cells (Ievel cells that make up the outer layer of the
skin). Seniors with weakened immune systems and body areas that are more exposed to solar

radiation are more susceptible to skin cancer [30].

Epidermis
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Figure 1.9 Types of skin cells and the corresponding skin cancers

Dermoscopy - Dermoscopy is a non-invasive, painless procedure used to diagnose skin
malignancies on a large scale. The viability of dermoscopic assessment in melanocytic
tumours, such as melanoma and basal cell carcinoma (BCC), has been established over the last
several years. Additionally, dermoscopy was used to analyse non-melanocytic growths.
Dermoscopy, alternatively referred to as dermatoscopy, epiluminescence microscopy, or skin
surface microscopy, is a non-invasive, in-vivo technique that has historically proved beneficial
for evaluating suspicious skin injuries. It can aid in the differentiation of melanocytic sores
from dysplastic sores, melanomas, and non-melanoma skin malignant growths such as basal
cell carcinoma (BCC) or squamous cell carcinoma (SCC). Additionally, in recent years,
dermoscopy has been expanded to include the diagnosis of dermatological conditions such as
incendiary dermatosis, pigmentary dermatosis, irresistible dermatosis, and hair, scalp, and nail
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problems. As dermoscopy's utility grows, professionals in virtually every field should be

familiar with this simple, non-invasive, and high-return demonstrative technique [31].

Breast Cancer Statistics - Cancer is one of the leading causes of death in the globe. Cancer is
a disease that, unfortunately, spreads via cells and grows in the body on a regular basis. Cancer
is the second biggest cause of mortality worldwide, according to the World Health
Organization (WHO), with roughly 9.6 million deaths in 2018 [32]. Cancer comes in numerous
forms, including breast cancer, skin cancer, lung cancer, and prostate cancer. Breast cancer is
the most prevalent cancer in women, whereas lung cancer is the most common cancer in men,
according to the International Agency for Research on Cancer as depicted in figures 1.10 and
1.11 [33] respectively.
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Figure 1.10 Common cancers among women
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Figure 1.11 Common cancers among men

Morphology of Breast Tissue - Breast tissue is made up of lobules of alveolar glands and
ducts, which produce and deliver breast milk to the nipple. The interlobular gap is made up of
supportive dense fibrous connective tissue and varied levels of fat between lobules. Connective
tissue within lobules is substantially less thick and contains little fat. Breast cancer can start in
the ducts or the lobules and may be restricted to these structures at initially, a condition known
as in situ disease. On the other hand, in situ disease, can eventually grow into adjacent tissues,
resulting in invasive cancer with the potential to spread to other regions of the body through
the lymphatic vessels and bloodstream [34]. Tumors also have different quantities of fibrous
stroma, which adds to the palpable "stiffness" of the tumour. Lymph nodes are an important
part of the lymphatic system that are frequently involved in the metastatic spread of breast
cancer. The cortex, paracortex and medulla are functionally and physically separate divisions
in lymph nodes. They are enclosed by a stromal capsule that is punctured by afferent channels,
allowing lymph fluid to enter sinuses that travel through numerous lymphoid compartments
before exiting via an efferent lymphatic stream [35]. Early metastatic malignancy deposits in
breast lymph nodes are frequently found in the subcapsular sinus, which is where lymph fluid

from adjacent breast tissue enters the lymph node first. Metastatic cells can also extend
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throughout the node and multiply to the point where normal lymph node tissue is totally

replaced.

Breast Cancer - is a highly malignant disease that affects mostly women. As the subsequent
top cause of cancer-related mortality in females, it has remained a significant clinical and
economic burden. Mammography tests, which entail collecting X-rays of the breast, are the
most often used method for detecting early changes (lesions) in breast tissue. Nonetheless,
some types of breast cancer are thought to be mammographically undetected. Even if a woman
is not diagnosed with breast cancer, she may be subjected to additional tests and procedures,
including surgery [35]. As a result, biological tissue examination is required to determine the
appearance of sick cells. In this case, histopathology comes to the rescue because it is the gold
standard method for diagnosing and researching tissue disorders. It comprises looking at tissues
and/or cells under a microscope. Histopathologists are responsible for diagnosing tissues and
assisting clinicians in delivering patient care [36]. However, this form of medical image
processing is time-consuming, labor-intensive, costly, and prone to error. Tissue examination
also necessitates the use of experienced pathologists. It would be more convenient if a
computer-aided application could automatically read the images and give diagnosis and therapy
recommendations. In light of these shortcomings, a fresh approach known as optical coherence
tomography (OCT) was developed, which offers results in real time and has a resolution of
micrometres. OCT is a low-coherence interferometry method that allows for high-resolution,

non-contact, non-invasive three-dimensional imaging [37].

Advanced approaches for tendon restoration, such as stem cell therapy, bright field microscopy,
and other optical strategies typically employed for studying dyed tissue pieces, had a very good
goal when compared to other imaging technologies. Optical technologies allow for the study
of tissue architecture and cell morphology. As a result, as histological evaluation processes (for
example, the investigation of the minuscule life structures of cells and tissue) are time
consuming and escalated care is not possible over a longer timeframe, a more established, non-
invasive, high resolution imaging technology is expected to improve the testing of the healing
process by observing the effect of stem cells [16] and to detect harmed ligaments. Because of
concurrent breakthroughs in numerous domains of technology, OCT has advanced at a faster
rate since its inception. Improvements in optical techniques, light sources, data collection
methods, and processing methods have all allowed OCT to rapidly extend and penetrate new
utility domains, most notably in organic and clinical applications. Currently, video rate
verification is done with a near micron critical target and a fast four-dimensional filter. This

opens up new opportunities for OCT, since it will explore applications in the field of
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cardiovascular medical treatments. OCT is a revolutionary imaging technology that allows for
high-resolution (10 m) imaging of organic tissue in the axial direction with a 2 mm imaging
range and at a faster rate [38]. Previous research has shown that OCT may be utilised to image
critical topographies in a range of domains such as ophthalmology, cardiology, dermatology,

and oncology [39]. OCT imaging can be used to characterise diverse tissue structures.

1.2 OPTICAL COHERENCE TOMOGRAPHY

Optical imaging is a developing imaging methodology with colossal potential for
ascertainment and treatment of diseases. It offers different benefits over existing imaging
modalities. Above all, it utilizes non-ionizing radiation, which diminishes patient openness to
unsafe radiations and permits them for rehashed examinations over the long run. Second, it is
having the capacity to describe the natural tissues utilized for concentrating on functional and
molecular level exercises. Third, it is utilized as a multimodal imaging methodology. It covers
a wide reach on the imaging resolution scale and is additionally viable with other imaging
procedures [27]. Optical imaging frameworks can be examined under two classes: diffusive
optical imaging (DOI) and ballistic imaging framework. DOI is a methodology of imaging in
light of close infrared spectroscopy or fluorescence-based strategies. It is called as diffuse
optical geology when used to make 2D models and diffuse optical tomography for imaging 3D
models. In ballistic imaging framework, light photons drive through the turbid medium along
a straight line and called as snake photon when hold some level of intelligence. To make
diffraction restricted pictures ballistic scanners and OCT are the pervasive imaging procedures
that depend on ballistic photon identification. It achieves axial resolution of the order of 1-10
micro- meters and thus offers critical advantages in terms of axial resolution over other existing
imaging modalities (e.g. CT scan, MRI and X-rays) but it is restricted by imaging profundity
[40].
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Figure 1.12 Schematic diagram of Optical Coherence Tomography

1.2.1 Reason for involving Optical Coherence Tomography in Biomedical Imaging

The capability of OCT proposes that it will be considered as a critical innovation for biomedical

application [41, 42].

1. Compared with traditional ultrasound, OCT can image the example with pivotal goals of 1
to 15 pm, that implies with a request for higher extent. This goal approach, permitting a few
cell highlights and compositional morphology to be settled. In OCT based frameworks,

imaging should be possible painlessly.

2. It empowers imaging of the tissue structures where biopsy would be dangerous or
unimaginable. It additionally diminishes the testing imperfections related with excisional

biopsy by giving better inclusion.

3. Real-time imaging and checking are conceivable, which is beyond the realm of possibilities
in ordinary biopsy and histopathology. It likewise gives extension to pathology to store

videotape of high resolution.

4. OCT can be united with a wide scope of instruments including catheters, endoscopes,

laparoscopes, and careful tests allowing the organ system imaging inside the body.

5. A noteworthy concept, for a clinical organized apparatus, OCT is portable and compact.
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In any case, manual clarification of OCT images is dreary system and not compelling for
examination on gigantic three-layered (three dimensional) volumetric datasets. Accordingly,
there is a pressing need of improvement of a robotized algorithm from tissue portrayal utilizing
OCT npictures. Quantitative and robotized investigation improvement could subsequently
energize the appraisal of a gigantic volume of dataset. Along these lines, computer aided
diagnosis (CAD) frameworks utilizing Al in view of image handling of OCT information have
been created to build precision, awareness and particularity in tracking down the anomalies in
images. Various investigations were finished via prepared specialists to examine the capability
of OCT and to arrange the sound and unfortunate tissue both ex-vivo and in-vivo utilizing

different elements extricated from OCT images [16, 43].

1.2.2 Applications of OCT

OCT has been extensively used in clinical diagnosis to detect many disorders. OCT is a
relatively new imaging modality that is still being developed to determine its best use in current
medical applications. OCT has evolved into a useful tool for creating high-resolution cross-
sectional images in the biomedical area over the last few decades. The great spatial resolution
allows for detailed internal imaging and surface topography examinations of any specimen.
OCT, on the other hand, may readily be integrated into catheters and endoscopes and has been
developed for intraluminal imaging as opposed to the traditional approaches that utilized fiber
couplers for sending and collecting light. OCT is also useful for other biomedical applications,
such as developmental biology, cardiology, laryngology, gastrointestinal, pulmonary medicine,
dermatology, and dentistry [44]. Their histology data is analysed using OCT, which acts as an
optical biopsy for a quick diagnosis during endoscopy. Previously, this could only be
accomplished by histological or cytological analysis, which has a significant difficulty in
removing tissue samples and preparing them for microscopic study [45]. In most cases,
personally examining an image is a time-consuming operation that is highly common in clinical
applications. Furthermore, there is invariably a subjective aspect associated with the
pathological analysis of a picture that increases the risk of an expert making a mistake. Doctors
will benefit much from an automated framework in this way. This research project aims to
develop effective diagnostic models for analysing medical picture data using image analysis
and machine learning techniques, in order to alleviate the challenges that medical specialists

experience while evaluating images.
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1.3 CONVOLUTIONAL NEURAL NETWORKS

Artificial intelligence (Al) is becoming increasingly popular, thanks to enhanced processing
power, a massive amount of data, and innovative algorithms. It has been used in a variety of
industries, including healthcare, industry, and convenient living. In general, Al is divided into
three groups. One is a symbolic technique that uses a rule-based search engine to generate
answers. The Bayesian theorem-based approach is another option. The other is the deep neural
network-based connectionism technique (DNNs). While each technique has advantages and
disadvantages, connectionism has recently received a lot of attention as a way to handle
complicated problems. Machine learning (ML) is a subset of Al that uses data to identify
categories or anticipate future or uncertain conditions with minimal human interaction [46].
Because it is data-driven and can predict from unseen data, ML is characterized as non-
symbolic Al. Examples of machine learning challenges include regression, classification,
detection, segmentation, and others. In most cases, ML data sets consist solely of training,
validation, and test sets. The training data set is used to learn data characteristics, while the
validation data set is used to check the learned data characteristics. Finally, the correctness of
ML may be verified using the test data set. An artificial neural network (ANN) is a machine
learning method that is inspired by the brain and consists of layers with connected nodes (ML).
It has hidden layers as well as input and output layers. Machine learning is useful in quantitative
phase imaging applications because it allows for the classification and identification of cells
and tissues for quick screening and diagnosis. To date, different machine learning algorithms
such as neural networks, Naive Bayes (NB) classifier, support vector machines (SVM),
decision trees and random forest (RF) classifiers have been developed to create accurate
classification systems for a variety of medical images [47]. Convolutional Neural networks
(CNNs) fall under deep learning. This means that several aspects of the field make up for all
the amazing things within this area. The most important one of these aspects is computer vision.
CNN create ease in viewing images to the extent human beings cannot. The perception in
imaging-based on machine intelligence is enhanced and involves a multitude of tasks. These
tasks range from image and video recognition to image analysis and classification [48]. There
is a significant advancement in computer vision and images which means that changes have

taken place over the years.

A convolutional neural network (CNN) has recently been highlighted in computer vision for
both supervised and unsupervised learning tasks as part of deep learning [49]. CNN has set
new records in classic vision tasks [48]. CNN is made up of convolutional, pooling, and fully

connected layers. The convolutional layer's principal function is to recognize patterns, lines,
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and edges, among other things. Convolutional layers convolve the input array with weight-
parameterized convolution kernels in each hidden layer of CNN. Many kernels provide
multiple feature images, allowing various vision tasks such as segmentation and classification
to be completed successfully. Feature maps are locally sequentially and spatially pooled
pooling layers between the convolutional layers. The pooling layer decreases the size of feature
maps by transferring the maximum or average value. This method captures image features that
are robust to the image's position or form [50]. The maximum pooling procedure is commonly
utilized in practice. The importance of max-pooling is that it acts as a noise suppressant. The
noisy activations are discarded along with a dimensionality reduction. On the other hand,
average pooling is simply meant to reduce dimensionality. The number of pooling and
convolutional layers may be increased to capture low levels at an even greater scale [51]. These
convolutional and pooling layers are alternated regularly in the CNN architecture. The fully
connected layers are attached at the end of the CNN architecture and provide a final decision
for classification or regression tasks. A loss is estimated during training by comparing the
labelled and projected values. Convolutional layers and up-sampling layers, on the other hand,
are added to the end of pooling layers in the segmentation process to rebuild the size of the
input image. As a result, training loss is calculated by comparing the annotated mask picture to
the reconstructed output image through CNN. The number of parameters for training might
reach millions because CNN architecture is made up of multiple layers. This indicates that a
large amount of data is required for training purposes in order to obtain acceptable accuracy.
The amount of data required is dependent on the task's goal and image qualities. The basic

diagram of CNN is as shown in figure 1.11.
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Figure 1.13 An illustration of Convolutional Neural Networks
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1.3.1 The Co-relation of CNNs, malignant tissues, and medical images

The identification of malignant issues has been of great concern to doctors and radiologists.
The task is considered time-consuming and often tedious. It is generally a challenging task that
has required the relevant improvements to flourish in the medical sector. There are, however,
computer-aided diagnostics and techniques that help radiologists create a second opinion and
give accurate results [52]. Convolutional neural network, the state-of-the-art technique, has had
great successes in giving accurate results to radiologists. The detection of abnormalities,
identifying their positions and borders, and evaluating their magnitude and severity are all part
of image interpretation. The effectiveness of image interpretation is limited by the scarcity of
human experts, their exhaustion, costly consultation fees, and rough estimation techniques.
Furthermore, the medical anomalies' forms, locations, and structures are highly variable. Even
for specialised specialists, this makes diagnosis challenging. As a result, human professionals
frequently feel the need for assistance tools to aid in the exact interpretation of medical images.

This is why sophisticated image understanding systems exist.

1.4 COMPUTER AIDED DIAGNOSIS APPROACH

In the realm of medical imaging, doctors must deal with images in order to analyse
abnormalities in a short amount of time. It is feasible to design a computer-aided diagnostic
tool for quantitative and objective analysis that will automatically assist doctors in checking
irregularities in any condition [53]. Computer-aided diagnosis (CAD) is a technique for
assisting clinicians in making accurate diagnostic judgments based on computer analysis.
Pattern recognition, signal processing, computer vision, and machine learning are all covered
by CAD systems. Figure 1.12 depicts a generalised CAD system which involves image
processing, selecting the region of interest, feature extraction, selection and reduction and

finally classification and diagnosis.

17



SEGMINTATION

FREPROIESSING
l ——J-\‘ -B | .
(SNILY

IMAGE PROCESSING

H B

REGION OF INTERES]

INPUT IMAGE

M,
L Sh

e =1
(=)
FEATURE

EXTRACTION CLASSIFICATION

Figure 1.14 General illustration of a CAD system

The quality of an image is increased in image pre-processing by using enhancing, noise
reduction, and standardization processes. Because the viability of ongoing improvements such
meaning of region of interest (ROI) and feature extraction is based on the quality of the input
images, pre-processing is essential. To separate the items of interest from the backdrop, the
ROI must be determined. The importance of ROI in medical imaging is defined by I manual or
semi-automated approaches that require operator interaction, or (ii) fully automated methods
that do not require any manual intervention [54]. Feature extraction refers to the process of
identifying and selecting a large number of recognizable and appropriate features from medical
images in order to make decisions about a tissue's pathology. Feature extraction is the process
of transforming and extracting a large number of useful features from an input dataset.
Furthermore, classification is the process of categorizing objects into different groups. In
medical imaging, categorization is usually done on a tissue or cells to distinguish between
healthy and infected states, as well as different stages of disease [55]. A classifier is usually
taught using a training set, which consists of a set of objects that have been labelled by at least

one expert.
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1.5 DATA AUGMENTATION

Deep learning-based algorithms have lately become more prevalent in artificial intelligence
research for medical image processing. While the models created by these algorithms can
outperform more typical machine learning approaches in terms of performance, they do require
larger datasets for training. To overcome this problem, data augmentation has become a popular
strategy for boosting the size of a training dataset, especially in sectors where huge datasets
aren't always available, such as when working with medical imaging. Data augmentation tries
to generate more data that is used to train the model, and it has been demonstrated to boost
performance when tested on a separate dataset that hasn't been seen before. Data augmentation
isn't a panacea for all the data challenges. Consider it a free performance boost for the machine
learning models, there is still the need of a very large training dataset with enough examples,
depending upon the goal application. In some cases, training data may be insufficient for data
augmentation to be useful [56]. Before the use of data augmentation in certain circumstances,
more data must be collected until a minimal threshold is achieved. Transfer learning can be
employed, which involves training an ML model on a large dataset and then fine-tuning its
higher layers on the limited data, that are for the target application. Data augmentation is
especially handy for supervised learning because extra time will not be used in annotating the
new samples as labels are already there. Making copies of existing data and making minor
changes to them is one technique to increase the diversity of the training dataset. Rotation,
cropping, zooming, shearing and translation are some of the additional changes available.
These transformations can also be combined to increase the number of unique training
instances in the collection. Geometric modification isn't the only type of data augmentation
that may be done [57]. Using noise, adjusting colour settings, and other effects like blur and
sharpening filters to repurpose previous training examples as fresh data can also be beneficial.
In case of the classical transformations, the information is same in the new images as the old
ones. So there is the need of the information enrichment, which is achieved with the help of
GANSs i.e. Generative Adversarial Networks. GANSs are essentially a system of two competing
neural network models that compete for the ability to assess, capture, and copy variations
within a dataset. GANs comprise of two sections: generators and discriminators. The generator
produces images from irregular commotion which are fake in nature and the discriminator, tries
to distinguish between the real and the fake images using real examples from a training data
set. Both the generator and the discriminator enhance their abilities until the discriminator can

no longer distinguish between genuine and synthesized cases [58].
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1.6 MOTIVATION

The factors and problems listed below, motivated and inspired us to carry out this research
work:

a) In the relative methodologies, existent image information goes through various tasks such
as zooming, rotation, flipping, editing and translations) to build the quantity of preparing
models. There is a need of attention to that such data augmentation procedures that essentially
produce very correlated images. They can also generate anatomically incorrect examples, e.g.,
using rotation. To mitigate the issues identified with the traditional data augmentation

approaches, (GANSs) have been proposed.

b) Breast cancer is 2nd leading cause of cancer in women worldwide. The feasibility of
screening for younger age groups based on X-ray mammography, as dense breast tissue
requires accurate interpretations. The false-negative delay in treatment and ultimately worsen
the situation that may lead to lower chances of survival. Other imaging methods for cancer
detection include ultrasound, X-ray computed tomography, and magnetic resonance imaging,
but they are also not very effective when the lesion size is less than ~1 cm. Most cases have
been diagnosed in a later stage using these techniques. Histopathology is the standard gold
method for cancer detection but has certain drawbacks, such as H&E staining, which requires
long processing time and cannot be performed intraoperatively. Hence the development of new

techniques is required that can be used intraoperatively.

¢) A family of machine learning methods, the accelerated growth of deep learning, has spurred
a lot of curiosity in its application to medical imaging issues. Compared to other methods, the
DL-based diagnostic architecture has a strong feature learning functionality that can learn
hierarchical representations directly from the original sensor data from several hidden layers,
and select discriminative features that help accurate breast tissue classification. Training data
is an essential factor influencing the efficiency of deep architecture for DL-based approaches.
Many deep-neural network algorithms have achieved high performance with sufficient amount
of annotated or labelled datasets. But in medical imaging, the labelled data is scared. To achieve
generalizable deep learning models, large amounts of data are needed. In order to reduce the
annotation burden, researchers apply various augmentation algorithms to produce synthetic

images that contain ground truth marks.
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1.7 GAPS IN THE RESEARCH

Although a number of research proposals exist in the literature which have addressed various
problems in human tissues characterization, but still these proposals lack in many aspects.
Based upon the review of literature, following research gaps were identified in the existing

solutions:

1. Cancer related tissue abnormalities like angiogenesis, hypermetabolism, and invasion of
adjacent normal tissues all exhibit the optical signatures such as polarization, dispersion,
and absorption, and therefore detecting them can aid in the early diagnosis.

2. Most of the biological objects and tissues are birefringent or anisotropic in nature, while
conventional OCT gives only intensity image. It cannot directly differentiate between
different tissues.

3. Point-by-point scanning, for 3D reconstruction of image, atleast three mechanical scan
(one depth and two lateral scans) are required. The mechanical scanning system giving
rise to motion artefacts due to mechanical jitter and limited repeatability.

4. Currently, large volume of images generated by medical imaging modalities are manually
interpreted by persons having expertise for making diagnosis and suggesting treatment.
This manual human interpretation process is time-consuming, cumbersome, costly and
error-prone. Automated approaches using computer aided programs to read these images,
diagnose and suggest treatments can not only help in effective and speedy diagnosis but

also do away with the requirement of specialized skills.

Based on the aforementioned problem definitions, the ultimate goal of this research work is the

development of an algorithm (s) for human tissues characterization.

1.8 SCOPE AND MAIN OBJECTIVE OF THESIS

This research work majorly focuses on the development of artificial intelligence-based models
for the characterization of the biological cells. In view of the previously mentioned issues, the
fundamental target of my research work is to find out the health of tissues. We develop an
automated algorithm(s) for human tissue characterization. Specifically, the exploration
investigates the chance of a CAD system for the classification of human tissues and that could

be helpful to the histopathologist.
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1.9 OVERVIEW OF THESIS CHAPTERS

The thesis has been organized as given below along with the brief description of what each

chapter represents.

Chapter 1: Introduction

This chapter includes the introduction to the tissues, various imaging modalities used and the
concept of machine learning. We will conclude this chapter by presenting a brief overview of
CAD systems for biomedical sample identification and how effective this technology is in the

biomedical industry.

Chapter 2: Classification of melanoma skin cancer images using deep learning

In this chapter, medical images of skin are analysed for classification of melanoma disease. In
the proposed work, deep features of residual neural network ResNet50 are used with different
classifiers such as SVM, LIBSVM, Neural Network. Data augmentation is done using
Generative Adversarial Networks and the results are compared with the basic data
augmentation methods such as rotation, translation and shearing. Experiments are done on
MED-NODE dataset which consists of 70 melanoma (malignant) images and 100 non-

melanoma images.

Chapter 3: Generative adversarial network - Convolutional neural network based

breast cancer classification using optical coherence tomography images

This chapter includes the work which focuses on improving classification accuracy for breast
cancer tissue, using a CNN (inception-V3), and increasing the training dataset using synthetic
OCT images. These synthetic OCT images were generated by a deep convolutional generative
adversarial network (DCGAN). The study shows how synthetic images can be exploited by
using an inherent intra-sequence variable for GAN-based data augmentation for the purpose of

medical imaging.

Chapter 4: Automated full-field polarization sensitive optical coherence tomography

diagnostic systems for breast cancer diagnosis

In this chapter, FF-PS-OCT has been demonstrated to be an effective method to monitor tissue
morphology changes caused by cancer. A number of optical parameters of the tissue obtained

from their phase images is used to differentiate between healthy and malignant tissues with
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SVM classifier. The developed automated FF-PS-OCT system and classification algorithm
based on machine learning will improve diagnosis and treatment efficiency. It provides a basis
for further research into the automated medical diagnosis of breast tumors with spatial phase

features.

Chapter 5: Diagnosis of Melanoma Skin Cancer using Machine Learning Approach for

Dermoscopic Images

In this chapter, a new system has been proposed in which the canny edge detector is applied
on images of PH? dataset for edges detection and then these images are smoothened using
Gaussian filtration. After the pre-processing operations, the features are extracted using Non-
linear kernel ICA and further these features are then classified using Naive Bayes and Support
Vector Machines. The proposed work has been analysed with existing techniques in terms of

various parameters.

Chapter 6: Conclusions and Future Scope

In this chapter, we summarize the results of the chapters and assess the future scope.
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CHAPTER 2

CLASSIFICATION OF MELANOMA SKIN CANCER USING DEEP
LEARNING

2.1 INTRODUCTION

Skin covers the entire body and protects it. Being the largest and exterior organ of the body, it
is prone to many forms of skin diseases due to different weather conditions. Many of the skin
diseases are similar and can be identified only by expert dermatologists in medical area. One
of the commonly occurring dangerous skin disease is melanoma. It occurs when there is a rapid
growth of cells called melanocytes which produce melanin in skin. The patient suffering from
melanoma if may not be able to get a detection in early stage, is likely to get severe skin
disorders. The science and engineering can play an important role in early detection of these
through analysis using tools and techniques. Dermoscopy is a powerful tool for early
identification of melanoma in skin lesions [59]. The availability of medical images
(dermoscopic images) helps in easy and accurate diagnosis of skin diseases. The studies in
medical images range from image processing, feature extraction, image segmentation, edge
detection, image detection and image classification. The binary classification algorithm
specifies the result as whether the melanoma is present in the medical image under
consideration or not. The multi-class classification algorithm further classifies the type of
melanoma as well. The accuracy of detection or classification is the important criteria for
judging the success of the algorithm used. The classification can be improved when a large
dataset of images can be processed at the same time and with a reasonable speed. This is

feasible using deep neural networks (DNNs).

The researchers have applied deep learning for skin disease classification. Deep
convolutional neural networks (DCNN) with different number and configuration of layers have
been used widely for classification of medical images [60, 61]. Some of the researchers have
also combined DCNN with other machine learning algorithms like support vector machine
(SVM) for melanoma detection [62]. Another version of convolutional neural network -
residual neural network (ResNet) is also used successfully for extracting the features for

melanoma classification [63, 64].
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2.2 DIAGNOSIS OF SKIN CANCER IMAGES USING MACHINE LEARNING

Most of the early work is based on synthetic analysis of medical images [65]. Other related
work is summarized by many researchers [66, 67]. Using deep learning, [62] developed an
AlexNet model for classification of melanoma using 2624 dermoscopic images taken from
International Skin Imaging Collaboration (ISIC) database. The accuracy achieved was 93.1%.
AlexNet was used for feature extraction while SVM was used for classification. An accuracy
of 81% was achieved. DCNN was used by [57] for classification of medical images. CNN
consisting of 2 layers was applied by [68] in which the model was trained from scratch using
136 images for benign versus nevi malignant melanoma. It was tested on only 34 images from
public dataset available publicly from the Department of Dermatology (UMC Groningen).
CNN and deep learning for melanoma detection were deployed first in a challenge for skin
lesion analysis hosted by the International Symposium on Biomedical Imaging [69, 70]. A
CNN ensemble approach was used by [71] and achieved an average accuracy of 79.5% using
images from Dermofit Image Library (public). Similarly, [72] used AlexNet and kNN for
classification of 399 dermoscopic images as melanomas versus benign nevi. An accuracy of
approximately 94% was reported. The authors extracted the representational features. CNN
model was trained by [58] with 129,450 clinical images. They used a GoogLeNet Inception v3
model for classification of images in 2 categories: benign nevi versus malignant melanoma and
benign seborrheic keratosis versus keratinocyte carcinomas skin cancer. An accuracy of 94%
was reported for melanomas in dermoscopic images. Skin lesion classification was done with
CNN by [73]. The authors used images from the ImageNet. VGGNet deep learning model was
utilized by [74] for classification of medical images as nevi or lentigines versus melanoma
using 379 images from ISBI 2016 challenge dataset. An accuracy of 81.33% was achieved.
The authors used three configurations of CNN model (network from scratch, pretrained with
transfer learning, one with fine-tuning of the weighting parameters). Deep learning was used
in [75] to recognize melanoma in skin images. The results were proved to be accurate to a high

degree when these were recognized by dermatologists physically.

Residual network is a CNN model proving to be very successful for detection of
melanoma. Three ResNets were used in [76] for training by fine-tuning a pre-trained CNN.
They classified melanoma versus nevi versus seborrheic keratosis from a dataset of 150
dermoscopic images. The accuracy reported for melanoma was 85.4%. The accuracy of
computational methods has also been verified by physical dermatologists. A framework was
developed by [64] using multi-channel residual networks. The accuracy of the framework was

82.4% 1n classifying the medical image as melanoma or seborrheic keratosis skin disease.
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2.2 METHODOLOGY
2.2.1 Data Acquisition

MED-NODE dataset [77] is used in this work which consists of a total of 170 images-70
melanoma (malignant) images and 100 non-melanoma images from the digital image archive
of the Department of Dermatology of the University Medical Centre Groningen (UMCG) used
for the development and testing of the MED-NODE system for skin cancer detection from
macroscopic images. Figure 2.1 shows the example of the melanoma and non-melanoma

images from the MED-NODE dataset.

Malignant Images

Non-Melanoma Images

Figure 2.1 Images from the MED-NODE dataset classified as melanoma (malignant)

and non-melanoma

2.2.2 Data Augmentation

In the proposed work, the images of the MED-NODE dataset are augmented with the classical
transformations such as rotation, translation and shearing. It is done using Generative
Adversarial Network (GAN) for the synthesis of medical images. GANSs, as presented by [78],
right now speak to the cutting edge for generative models. A GAN is a system for evaluating
generative models, comprising of two differentiable sub models, which are ordinarily

actualized as DNNs: the generator and the discriminator. An outline of an average GAN setup
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is showed in figure 3.2 [79]. The generator and the discriminator go up against one another

the generator is prepared to generate images, while the discriminator gets the generated images

and is prepared to differentiate between produced images and genuine images.

In GANSs, a generative model or something to that affect is tuned to generate new synthetic
and additional data, which is identical to the real data. In the proposed work, the images are

generated with GAN after the 3000 epochs. The images are quite similar as the original dataset
images.

Generator

Synthetic Data

D =02

Discriminator

R Real /
Synthetic

Real Data

Figure 2.2 Architecture setup of a GAN
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2.2.3 Feature Extraction

The pretrained ResNet50 is used for extracting the features in the proposed work. After
applying the data augmentation, the images are resized into a size of 224*224 and fed as
input to the pretrained ResNet50 model. The extraction of features is done from the
higher-level layers of this model. The extracted features are then used for the classification
of the melanoma/non-melanoma images. ResNet50 gives the alternate way association
between layers, which makes it safe to prepare DNN to gain maximal portrayal power
without agonizing over the degradation issue, i.e., learning troubles presented by deep

layers. The typical illustration of ResNet50 is described in figure 2.3 [80].
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Figure 2.3 The basic residual block of ResNet (50 layers)
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2.2.4 Classification Approaches
Various classifiers used for the classification of the skin images are SVM, LIBSVM and NN.
a) Support Vector Machine

SVM is a binary classifier that attempts to separate the classes on the basis of a separating
hyperplane. The hyperplane separates the inputs into the two regions. The Gaussian kernel is

used in this work for separating the images into two classes by a hyperplane.

b) LIBSVM

LIBSVM is a library for SVM. LIBSVM supports classification and regression by applying
Sequential minimal optimization (SMO) algorithm for kernelized SVMs.

¢) Neural Networks (NN)

Neural Networks are inspired by the biological neurons and consists of three layers- input layer,
hidden layer and output layer. The input layer accepts the feature vectors. The output layer
predicts the class — malignant or nevus. The hidden layer performs the computations on the

weighted inputs and produces the output via the activation function.

Binary classification is used for images- positive for images with Melanoma and negative
for images with non-Melanoma. Accuracy is defined as the proportion of samples correctly

classified to total tested samples.

2.3 RESULTS AND DISCUSSION

The experiments are implemented on a system with Intel® Core™ 17-5500U CPU @ 2.40 GHz
with 12.0 GB. The software used is MATLAB R2015a.

Table 2.1 compares the accuracy (in percentage) of various classifiers with the
ResNet50 feature extraction method and MED-NODE dataset on data augmentation with

classical transformations.
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Table 2.1 Performance comparison of the proposed methods on data augmentation with

classical transformations

METHODS ACCURACY (%)
ResNet50 + SVM 68
ResNet50 + LIBSVM 62
ResNet50 84
ResNet50 + NN 94

The above table shows the comparisons of the different classification approaches used with
ResNet50 and the corresponding accuracy achieved with using different classical data

augmentation techniques.

Table 2.2 compares the accuracy (in percentage) of the various classifiers with the ResNet50
and MED-NODE dataset on data augmentation with Cycle Generative Adversarial Network
(Cycle GAN).

Table 2.2 Performance comparison of the proposed methods on data augmentation with

GAN
METHODS ACCURACY (%)
ResNet50 + SVM 75
ResNet50 + LIBSVM 78
ResNet50 89
ResNet50 + NN 96

The above table shows the comparisons of the different classifications approaches used with
ResNet50 and the corresponding accuracy achieved while using GAN as a data augmentation

technique.

The comparison is shown in figure 2.4 and 2.5.
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Following are the contributions of the proposed work —

a) Data augmentation is done with GAN for the synthesis of the skin cancer images. The results
are better as compared to the classical transformations for data augmentation such as rotation,

translation and shearing.

b) A deep learning model - The Residual Neural Network (ResNet50) is used in this paper for
extracting the features of the image dataset. The output of ResNet50 is used with various

classifiers for classifying the melanoma in skin cancer images.
c¢) The final classification is done using SVM, LIBSVM, Neural Network classifiers.

The results show that the proposed work is efficient than existing studies when classical
transformations such as rotation, translation and shearing are used with ResNet50 and NN with
94% accuracy. In the proposed approach, it is proved that the accuracy of all classifiers is
improved when data augmentation is done using GAN. The improvement in accuracy with
GAN varies from 2% (ResNet50 + NN) to 16% (ResNet50+LIBSVM). The highest accuracy
achieved is 96% using the combination of ResNet50 as feature extractor and NN as the machine
learning classifier on performing the data augmentation with GAN which is better than existing
one [80]. The output of ResNet50 is used with various classifiers for classifying the melanoma
in skin cancer images. The combination of ResNet50 as feature extractor and NN as the

machine learning classifier is more accurate and fast as compared to ResNet50 alone.

2.4 CONCLUSIONS

In this chapter, an efficient approach is proposed as an integration of ResNet50 for feature
extraction, data augmentation of skin cancer images with GAN and classification using NN,
SVM and LIBSVM. The experiments are done on the MED-NODE dataset and the images are
classified as melanoma and nevus. The highest accuracy achieved is 96% using the
combination of ResNet50 and NN as the machine learning classifier on performing the data
augmentation with GAN which is better than many existing studies. The work shows an
improvement in accuracy of classification (upto 16%) of ResNet50 with the use of

augmentation methods like GAN as compared to classical methods for data augmentation.

32



CHAPTER 3

GAN-CNN BASED BREAST CANCER CLASSIFICATION USING OCT
IMAGES

3.1 INTRODUCTION

Medical imaging is a basic component of modern health- care, and plays an important role in
the diagnosis and follow-up of cancer following treatment. According to data fromthe GBD
(Global Burden of Disease Cancer Collaboration), and the World Health Organization
(International Agency for Research on Cancer), the number of cancer patients increased by
28% between 2006 and 2016, and 2.7 million fresh cancer cases are predicted to occur by 2030
[83]. Of the various types of cancer, the most common and deadly cancer in women is breast
cancer [84] —[86]. Effective breast cancer diagnosis has therefore become essential. X-ray,
MRIand ultrasound are the primary techniques used to diagnose breast cancer, but biopsy is
still considered to be the gold standard for a definitive diagnosis [87] [88,89]. Biopsy comprises
the extraction of tissue, which is subsequently fixedon a microscopic slide, and stained.
These stained histopathology images are of very high resolution, and rich in information.
However, histopathological images are assessed by pathologists, and the experience of the
individual pathologist plays a very important role in diagnosis due to the complicated
geometrical structure and textures of the samples. The major disadvantage of biopsy is that it is
a time-consuming affair, and cannot be performed intraoperatively [90, 91]. A non-invasive
technique is therefore required, which can be used intraoperatively. Optical coherence
tomography (OCT) is an alternative technique, with the capacity to be performed intra-
operatively, and its resolution is comparable to that of histopathology. OCT is typically an
interferometric technique, capable of visualizing the tissue’s microstructure via cross-sectional
images. It is a non-contact, non-invasive high-resolution, three-dimensional tomography
imaging technique [92, 93], and a potentially excellent resource for real-time patient advice,
due to its non-invasive nature, and rapid diagnostic process. However, most OCT image
analysis is still reliant onmanual assessment by radiologists or pathologists, which is a tedious
and time-consuming job. Manual assessments also lead to inconsistent results, since they are
highly dependent on the experience of individual radiologists or pathologists. The development
of automatic and reproducible algorithms based on OCT images could therefore prove useful
in sup- porting clinicians, by promoting more effective diagnoses, and improving access to
medical care and specialist expertise, particularly in circumstances where skilled manpower is

limited.
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In general, conventional computer aided diagnosis for breast cancer diagnosis is based on
machine learning (ML). The performance of ML depends upon the handcraft features
extracted. Deep learning, however, is capable of both automatically extracting features, and
performing classification tasks [93] — [96]. The convolutional neural network (CNN) is the
most popular deep learning method for classification tasks where the information is stored in
spatial locations. Recently, the use of CNNs in the field of medical image analysis has
increased tremendously, due to its excellent capacity for generalization, and the ready
availability of the GPU hardware required for parameter optimization [94] — [97]. The major
stumbling block preventing the widespread utilization of deep learning in the field of
medical image analysisis that it requires large amounts of annotated/labelled data;in the
medical field, it can be very difficult to obtain such labelled data. This issue may be addressed
via the application of transferred learning, in which a previously trained net-work transfers its
knowledge to subsequent problems [98]. AlexNet, VGG, RCNN and Inception are the most
popular types of CNN image classification networks. In order to improve classification
accuracy, conventional data augmentation techniques (rotations, flips, color jittering etc.) are
generally used to augment the dataset, but more recently, generative models have been used
to synthesize a completely new dataset [99]. Data augmentation methods have already been
employed to reduce the model’s error rate by over 1% on an ILSVRC-2010 dataset [100].
With the development of generalized adversarial networks (GANSs), synthesized augmented
datasets can easily be generated. GANs have already been used for augmentation purposes,
such as creating new trainingimages to improve classification, refining synthetic images,

enhancing brain segmentation, and retinal fluid segmentation [101] — [105].

This work focuses on improving classification accuracy for breast cancer tissue, using a CNN
(inception-V3), and increasing the training dataset using synthetic OCT images. These
synthetic OCT images were generated by a deep convolutional generative adversarial network
(DCGAN). This study shows how synthetic images can be exploited by using an inherent

intra-sequence variable for GAN-based data augmentation forthe purpose of medical imaging.

3.2 METHODOLOGY
3.2.1 Experimental Setup

For the imaging of normal and cancerous breast tissue, an SS-OCT (OCS1310V1-1300 nm,
Thorlabs) imaging system was used. Figure 3.1 shows a schematic diagram of the SS-OCT

system, consisting of a light source module (laser), an image module, and a standalone probe.
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A swept source, with a wavelength sweeping range from 1250 nm to 1350 nm, BW = 100 nm,
and a central wavelength of 1300 nm was used to perform the study. The sample arm has a 5X
objective lens (MO, LSMO03, Thorlabs, focal size 25.1 mm in air) to image the sample under
examination. A dual-balanced photodiode, operating at a 100 KHz A-Scan rate, is used to

identify the interference signal.

To obtain the 3D image, the two-dimensional XY galvo scanner scans the probe beam over the
sample. The system’s axial and lateral resolution measures 12 um and 16 um, respectively, in
air. The sample is illuminated by a laser with an average output power of 25 mW. The system’s
sensitivity ranges from 0.5 mm to 4.5 mm in air at 107 dB. It has a higher signal to-noise ratio
at a greater penetration depth (2.5 mm in tissue) than other conventional OCT systems. The
size of the images generated by the system is 250 X125 pixels (B-scan image), and each volume

consists of 106 B-scan images. Further details regarding the system can be found in [93].
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Figure 3.1 Schematic diagram of SS-OCT system.

3.2.2 Sample Preparation

In conducting the study, samples were collected from 22 individuals undergoing biopsy at the
All India Institute of Medical Sciences (AIIMS), New Delhi. Ethical clearance for the study
was provided by the Indian Technology Institute (IIT), Delhi, and the AIIMS Ethics
Committee. In order to con- duct the OCT experiment, the sample tissue was placed in a petri
dish. All tissue samples were imaged ex vivo, using the OCT system. The labeling was

performed by two pathologists, who analyzed the OCT images and manually separated them
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into normal and cancerous tissues. Discrepancies between specialists were rejected, and are not

included in the training dataset.

3.2.3 Generation of Synthetic Images

The primary issue in training the CNN to perform more effectively is the absence of an
annotated dataset. To improve the performance of the network, we broadened the training
dataset by adding the data in two ways: (1) via the classical augmentation technique (flipping,

rotation, translation), (2) the addition of synthetic images generated by the GAN.

In classical augmentation techniques, synthetic images can be generated by rotating the images
with a random angle between 0° to 180°. Once the images are rotated, they are flipped (left-
right and up-down). Further augmented images can be formed by translating and scaling the
images, although in our case we ignore the translation and scaling technique of augmentation.
The total number of images, having applied the classical augmentation techniques given by

equation (4.1) is as given in [106]:

N = Nrotation X (1 + Nﬂipping) (31)

In general, the classical augmentation technique is used to tune the network and avoid
overfitting includes flipping, rotation, and translation. The GAN has the capability to generate
new samples, learned from the data distribution [107]. To synthesize the labelled data set, we
explored a DCGAN (deep convolutional GAN) model. DCGAN is the modified version of
GAN proposed by Ian Goodfellow et al [108]. The model comprises two neural networks: the
first, known as a generator, generates fake images, while the second, known as a discriminator,
distinguishes between real and fake images. The input to the discriminator is an image, and the
output of the discriminator consists of probability data as to whether or not the input image is
real. The output of the generator is an image, and its function is to attempt to generate an image
that will fool the discriminator; in other words, the generator tries to maximize the probability
of the discriminator’s finding that the images it receives are from the training set, rather than
from the generator. The researchers were also used Wasserstein GAN (WGAN) and WGAN
results in stable training and solves the problem of mode collapse and vanishing gradient which
we face in DCGAN, but WGAN is slower than DCGAN while training (i.e. it takes longer
training time) [102]. Here, the images have been resized to 64 x 64 from 250 % 150 to
improve the GAN’s performance, since the DCGAN architecture is generally more stable at
64 x 64.
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3.3 ARCHITECTURE OF GAN

3.3.1 Generator architecture

The images (64 x 64 x 1) are reshaped into a vector of size 100. The input is fed to the fully-

connected layers, consisting of four fractionally stride convolutions, with filter sizes of 256,

128, 64, and 32. Further details are provided in table 4.1. An Adam optimizer is employed,

with a learning rate of 0.0002, a batch size of 64, and whose momentum is set to 0.5 and 0.999,

respectively. A full description of the architecture may be obtained from [108]. The output of

the generator is an image sized at 64x64x1.

*Conv2DT = Conv2DTranspose (Conv2DTranspose is a convolution process, whose kernel is

learned during model training).

Table 3.1 Description of generator architecture layers

Layer (Type) Output Shape No. of Parameters
Input (Reshape) 100 0

Dense (None, 4096) 409600
Batch Normalization (None, 4096) 16384
LeakyReLU (None, 4096) 0
Reshape (None, 4, 4, 256) 0
Conv2DT (None, 4, 4, 256) 1638 400
Batch Normalization (None, 4, 4, 256) 1024
LeakyReLLU (None, 4, 4, 256) 0
Conv2DT* (None, 8, 8, 128) 819200
Batch Normalization (None, 8, 8, 128) 512
LeakyReLU (None, &, 8, 128) 0
Conv2DT (None, 16, 16, 64) 204 800
Batch Normalization (None, 16, 16, 64) 256
LeakyReLU (None, 16, 16, 64) 0
Conv2DT (None, 32, 32, 32) 51200
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Batch Normalization (None, 32, 32, 32) 128
LeakyReLU (None, 32, 32, 32) 0

Conv2DT (None, 64, 64, 1) 800

3.3.2 Discriminator Architecture

The discriminator network is a conventional CNN, where the input image size is 64x64x1, and
the output of the discriminator network discriminates between real and fake images. It
comprises four convolutional layers, with a 5 x 5 size filter/kernel, and a fully connected layer.
To reduce the spatial dimensions, stride is used, and for the purpose of faster convergence,
batch normalization is used in all the layers except input and output. Leaky ReLU is used in all
layers except the output, in which a sigmoid function is used to predict probability. In relation
to the leaky ReLU, the slope of the leak was set to 0.2. Further details regarding the

discriminator architecture are given in table 3.2.

Table 3.2 Description of Discriminator architecture layers.

Layer (type) Output Shape No. of Parameters
Conv2D™ (None, 32, 32, 32) 832
Batch Normalization (None, 32, 32, 32) 128
LeakyReLU (None, 32, 32, 32) 0
Conv2D (None, 16, 16, 64) 51200
Batch Normalization (None, 16, 16, 64) 256
LeakyReLU (None, 16, 16, 64) 0
Conv2D (None, 8, 8, 128) 204800
Batch Normalization (None, 8, 8, 128) 512
LeakyReLLU (None, 8, 8, 128) 0
Conv2D (None, 4, 4, 256) 819200
Batch Normalization (None, 4, 4, 256) 1024
LeakyReLU (None, 4, 4, 256) 0
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Flatten (None, 4096) 0

Dense (None, 1) 4097

*Conv2D =two dimensional convolution

3.4 CNN ARCHITECTURE FOR THE CLASSIFICATION

Inception-v3 is a very popular CNN, but it is very hard to train the network from scratch, since
it requi res a large number of labelled datasets [93]. Transfer learning can be a good solution
in such a case. In this process, the parameters of the last layer will be maintained, and extract
the last layer of the model, before retraining the last layer of the pre-trained net- work on
ImageNet [103,104]. The number of classes in the data- set decides the output node of the last
layer. The patch size of the image is 64 x 64 x 1 pixels, resized to 299 x 299 x 3, and with the
intensities rescaled between ‘0’ and ‘1’. ReLU is used as an activation function in each
convolutional layer, while the sigmoid function is used in the softmax layer for the purpose of
classification. Prior to feeding any patch/image to the network, a mean value of intensity for
all the training patches was subtracted from it. The model was pre-trained on a natural image
dataset via ImageNet, and fine-tuned on our training dataset. Further, to train the network, a
batch size of 32, and a learning rate of 0.001 for 200 epochs was selected. For optimization
purposes, stochastic gradient descent optimization with Nesterov momentum updates was
employed. Further details of the network can be found in [108]. Inflating a dataset artificially
by means of data augmentation techniques helps to reduce overfitting when training a deep
neural network. The developed model output is not evaluated on the ‘outside’ data- set, but on
the ILSVRC-2010 dataset, where data augmentation approaches have already been used to
reduce the model error rate by more than 1% [100]. We also used dropout and batch

normalization to avoid overfitting.

3.5 RESULTS AND DISCUSSIONS

The patient samples were distributed as follows: 8 out of 12 cancerous patients, and 8 out of
10 normal patient samples were used for training purposes, and the remainder of the sample’s
dataset was used for testing purposes. Every patient sample comprised 106 B-scan OCT
images. All sample images with a mixed response greater than 80% were excluded from the
training datasets, as determined with the help of a pathologist. Inceptio-V3, a CNN model, was

used for the classification. Initially, the model was trained using only real OCT and classical
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augmented images. To further improve the classification accuracy, the training datasets were

increased by including synthetic images generated via the DCGAN.

In an attempt to quantitatively assess the realism of the synthetic images, an experienced
physician was requested to identify a random selection of 50 real/50 synthesized OCT images
as true or synthetic images, which were then shown in a regular sequence for each
GAN/sequence, without identifying what was real/synthetic in prior training stages. Figure 4.2
shows the synthetic OCT images generated from the DCGAN which closely resemble genuine
OCT images. Even for an experienced physician it proved very difficult to differentiate
between the real and synthetic images, particularly in lower resolution, given the absence of
finer details. We used the architecture for the DCGAN outlined above. Figure 4.3 shows a flow
chart of the classification of breast tissues from the Inception-V3, including real, classically

augmented, and synthetic OCT images generated from the DCGAN.

We evaluated the impact of data augmentation using synthetic images on breast tissue
classification, relative to the classical data augmentation technique, on the basis of accuracy,
sensitivity, and specificity. The model was trained and tested on a Windows 10 system with an
Intel (R) Xeon (R) CPU E5- 1620: 0 3.60-GHz processor, a 1 TB HDD, 16 GB RAM, a CUDA-
enabled Nvidia GeForce GTX 670: 12GB GPU, and CUDA 9.0 dependencies for GPU

acceleration.

Training the inception model for classification using synthetic image-based data augmentation
led to improved results, as compared to using classic data augmentation alone. Once the
network is trained with real, synthetic, and classical data augmentation-based OCT images, the
network is tested on the real OCT test images. Once the model has been developed, there is no
need for a specialized pathologist to differentiate between normal and cancerous tissues. The
efficiency of the proposed algorithm was reduced if the images included in the training dataset

were not identified with the help of a qualified pathologist, or where the data was not cleaned.
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(a)

(b)
(c) (d)

Figure 3.2 (a), (c) Real OCT images, (b), (d) synthetic OCT images of normal and cancerous

(ductal carcinoma) breast tissue, respectively.

Real OCT
images
Synthetic Images
Discriminator for Data
TN Augmentation
Resized and
reshaped into a S, BN Generated
column vector Data
Real OCT images Inception-V3
Classical Data
DCGAN Augmentation

Figure 3.3 Flowchart for classifying breast cancer using OCT images with classical and

synthetic data augmentation.

41



The main focus of this work is on improving the CNN model’s performance in classifying
breast cancer using OCT images. A small data set was expanded with synthetic OCT images,
generated from a GAN, so as to improve network performance. The proposed framework
improves the results of classification by incorporating synthesized images, as shown in table
3.3. Classical data augmentation improves the performance of the network by adding data, but

beyond an optimal point, adding more data did not improve the results.

To further improve the performance of the network, synthetic images were also used for
augmentation purposes. The training accuracy of the network using only classical data
augmentation is 94.1%, while incorporating both classical and synthetic data augmentation
achieves a result of 95.3%. The network performance achieves 93.6% sensitivity, 90.8%
specificity, and 91.7% accuracy based on the testing data- sets shown in table 4.4. In this work,
malignant breast tissue samples were extracted from original surgical specimens, and may have
provided a clearer depiction of some malignant structures than those typically seen in intact

surgical specimens.

Table 3.3 Performance of the network on the training datasets over 200 epochs

No. of Samples Accuracy
Without data augmentation 1182 91.1%
With classical data augmentation 5910 92.0%
rotation (0°, 45°, 90°, 135°,180°)
With both classical and synthetic 6400 93.7%

data augmentation

The above table states the performance of the network on the training datasets with and without
data augmentation methods with their corresponding number of samples and accuracy

achieved.
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Table 3.4 Performance of the network on the testing datasets

Augmentation Technique Accuracy Sensitivity Specificity
Classical and Synthetic data 91.7% 93.6% 90.8%
Augmentation

The above table states the performance of the network on the testing datasets with the classical

and synthetic data augmentation methods.

3.6 CONCLUSIONS

In conclusion, we introduced a framework for the generation of synthetic images to enhance
the performance of a networkwith a limited labelled dataset. This technique demonstrates how,
by incorporating synthetic images, breast cancer classification using OCT images improved
by only 1.7% as com- pared to the traditional technique of data augmentation. To achieve
improved results, we implemented an Inception-V3 architecture for the classification of breast
cancer tissue. Though the study was done on breast tissue samples using the OCT images. The
GAN-CNN based intelligent system was used for the automatic classification of the breast
cancer. The future work will cover the detection of breast cancer at different stages. In the next
research paper, a new approach will be proposed to detect breast cancer at early stages using
OCT images. We believe that this framework could be a potentially useful tool for medical

image analysis.
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CHAPTER 4

AUTOMATED FULL-FIELD POLARIZATION SENSITIVE OPTICAL
COHERENCE TOMOGRAPHY DIAGNOSTIC SYSTEMS FOR
BREAST CANCER

4.1 BACKGROUND

The most commonly diagnosed cancer among women worldwide is breast cancer [111,112].
According to WHO the standard method for breast cancer diagnosis is physical examination
and X-ray mammography [113]. The feasibility of screening for younger age groups based on
X-ray mammography, as dense breast tissue may challenge accurate interpretations [113,114].
The false-negative delay in treatment and ultimately worsen the situation that may lead to lower
survival chances. Other imaging methods for cancer detection include ultrasound, X-ray
computed tomography, and magnetic resonance imaging, but they are also not very effective
when the lesion size is less than ~1 cm [114]. Most cases were diagnosed in a later stage using
these techniques. Hence the development of new techniques for early cancer detection is

imperative.

Optical coherence tomography (OCT) is a low-coherence interferometry technique with high-
resolution, non-contact, non-invasive, three-dimensional imaging [115,116]. The basic
principle is similar to ultrasound. The blend of high optical resolution, high-speed, and
millimeter image range makes OCT ideal for operating margin measurement [115,118].
Because of its micron-level resolution, OCT can be a potential tool for conducting an "optical
biopsy" at a suspicious tissue site [117, 121]. OCT can be incorporated into the biopsy needle
used to diagnose cancer, either for better image guidance or for intraoperative cell and tissue
microstructure. The handheld OCT sample is being tested in the surgical cavity before resection
for the in vivo margin imaging [122, 123]. The typical OCT system uses a point-by-point scan
(parallel to optical axes) and results in mechanical jitter and poor reproducibility due to motion
artifacts. To avoid point-by-point scanning a photodetector has been replaced by 2D camera
that records the entire en-face image (orthogonal to the optical axis) in the single shot and
system is known as full-field OCT (FF-OCT) [124] — [126]. Different OCT techniques,
including FF-OCT for margin assessment [124], and needle based OCT system for biopsy
assessment, are also used for breast imaging [119] —[123]. Cancer-related tissue defects, such
as angiogenesis, hyper metabolism and invasion of neighboring natural tissues, have optical

signatures (polarization, dispersion and absorption) that can detect early cancer [127,128].
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Recent studies have shown that breast cancer appears to be more dispersive than healthy tissue,
affecting the normal shape of breast adipose and stroma. Nonetheless, solid invasive tumors
are hard to differentiate from fibrous stromal tissue islands caused by the lack of specific
structures and related refractive indices [129,130]. Intraoperative breast cancer delineation is a
major challenge. An effective breast tissue screening technique may reduce the risk of re-
excision during operation by specifically identifying positive margins. In this study, a high
resolution automated full field polarization sensitive optical coherence tomography (FF-PS-
OCT) system was developed to classify healthy and malignant human breast tissue from

quantitative phase information of the tissues in ex vivo.

4.2 FF-PS-OCT SYSTEM

Polarization-sensitive OCT (PS-OCT) is a functional extension of OCT [131] — [133]. As
compared to OCT, PSOCT offers details on the properties of tissue polarization. Anisotropic
biological material, such as collagen fibers, is birefringent, causing polarization to change as
the light passes through the tissue [134]. PS-OCT has already been used for muscular
dystrophy, collagen plaques and skin cancer [135] — [137]. Collagen variability in tumor and
stromal tissue may be used as an important source of information for breast cancer imaging. In
the past, PS-OCT was used to distinguish between benign fibro adenoma and malignant
invasive ductal carcinoma [139]. However, an automated examination of healthy and cancerous
breast tissues is rarely performed. Reading, medical images and making a diagnosis or
recommendation of treatment, even though it requires highly qualified professionals. Current
medical image processing techniques are labor-intensive, time-consuming, costly and error-
prone. It would be easier for a computer-aided program to read those images automatically and
suggest recommendations for diagnosis and treatment [140] — [142]. Early detection remains
the key to successful treatment and the best possible chance of recovery for patients. Most of
the studies to screen the cancer are focused on intensity based features [123,141]. We
assumed, that phase images that are direct reflection of birefringent generated by PS-OCT with
machine learning tool could be used efficiently to evaluate tissue conditions and to classify
healthy and malignant tissues. Support vector machine (SVM) model has been used which
offers a good alternative to dealing with complex classification problems for diagnostic
purposes [143]. SVMs are a type of supervised data interpretation and classification methods
used for classification and regression analysis in machine learning. SVM performs a
classification based on a model trained from a given training set, by constructing an N-

dimensional hyperplane that optimally divides the data into different categories.
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4.2.1 System Specification

Figure 4.1 shows the schematic diagram of the FF-PS-OCT system. A near-infrared super
luminescent diode (830 nm central wavelength and 40 nm bandwidth) is used as a light source.
Before the incident to a non-polarizing beam splitter (BS), the light is linearly polarized by
linear polarizer (LP). The beam splitter splits the light into two parts, one part is going toward
reference arm and another part is going towards the sample arm. The sample arm light incident
on quarter-wave plate oriented at 45° which converts linearly polarized light into circularly
polarized light. The circularly polarized light illuminates the sample through 60X numerical
objective lens and due to anisotropic properties of the sample, the reflected light from the
sample achieves an arbitrary (elliptical) polarization state. While the reference light is passing
through neutral density filter before the incident on the quarter-wave plate oriented at 22.5° and

illuminated the reference mirror via 60X numerical objective lens.
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Figure 4.1 The schematic diagram of the FF-PS-OCT system.
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The backscattered light from the reference arm and sample interfere at beam splitter BS.
Further, the inference signal is transmitted through a polarizing beam splitter. This splits the
interference signal into two orthogonal signals, perpendicular and parallel components to the
incident polarization which are recorded by two separate charge coupled device (CCD) cameras
(30 fps, pixels: 512 x 512, 10-bits). To record the phase shifted interferogram a reference mirror
is attached to piezo-electric transducer (PZT). The present system has ~1 pm axial resolution
and the lateral resolution is ~0.8 um in the water as a biological sample majorly consists of
water. The imaging depth of developed OCT system is in between 2 to 3 mm and imaging

depth was kept constant to acquire data from all the patients.

Birefringent can be an important determinant for quantifying changes in tissue cellular
structure and chemical composition. Tissue birefringent is a useful marker for the intrinsic
disease [127,128]. It includes the phase information of the sample along with the thickness of
the sample. The sample is placed on the 3D stage. The reference mirror is moved with the help
of PZT and set of four phase-shifted interferogram were recorded with two CCD cameras.
CCD) records 17, Iy, I3 , Iy and CCD(l) records 12, 12,12 | I? [133]. The phase map is

extracted from the recorded interferogram.

Yy (oy) = (I (6 y) = L (o) + (I3 (0 y) — I (x,¥))? (4.1)
YPy) = (P (xy) = 1 (6 y)* + (I5(x, y) = 15 (x, ¥))? (4.2)
v (x,y) = ksin?¢(x,y) and y2(x,y) = kcos?¢ (x,y) (4.3)
Phase retardation @(x,y) = sqrt () 4.4)

where, (x,y) represent the spatial locations, k is sample reflectivity. Owing to the high
numerical objective lens, high spatial resolution can be achieved by compromising the depth
of penetration. The axial resolution depends upon the coherence length of the light source. The

rate of the phase changes directly reflects the birefringent.
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4.3 METHODOLOGY

An automated full-field PS-OCT (FF-PS-OCT) system based on SVM for the classification of
healthy and malignant breast tissue using phase images information that could be helpful in
intraoperative has been developed. The current research aims to be a rapid ex-vivo alternative
to traditional histology based on H&E that needs staining and long waiting time to be
diagnosed. The aim of the developed system is to take a biopsy sample and to quickly diagnose
healthy and malignant tissues based on FF-PS-OCT phase images that are comparable in

resolution to standard histology methods, and need not be stained.

4.3.1 Data collection

An ex-vivo experimental study was conducted in 12 subjects (4 healthy and 8 malignant tissues
(cancerous tissues) of freshly excreted breast tissue over an area of 400 um x 400 um using the
FF-PS-OCT system. Depending on the sampled tissue region, 8-10 images were taken from
each subject. With the aid of the pathologist/doctor, the area of interest was selected. The phase
images of the healthy and malignant breast tissue are shown in Figure 4.2 (a) and (b),

respectively.

%)
Phase (radian)

Figure 4.2 (a) Phase image of healthy fibro-adipose tissue and (b) cancer (invasive ductal

carcinoma (IDC)) breast tissue.
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4.3.2 Feature Extraction

The spatial phase shift distribution induced by a tissue distribution provides information on a
set of optical tissue parameters: spatial mean phase, phase entropy, spatial phase standard
deviations, spatial phase skewness and the spatial phase kurtosis of the statistical phase shift
distribution within the tissue. Equations (5.5) to (5.9) have been used to estimate the respective

features.

Spatial Mean Phase (S¢): describes the mean phase value of the human breast tissue.

S, (x,y)=Ad(x,) (4.5)

where, X, y represents the no. of pixels of the phase image in horizontal and vertical direction.

Spatial Phase Entropy (Sk): describes the randomness of the human breast tissue.

S, (x,y)= iip(xi v, )log, plx. »,) (4.6)

i

where, p is the probability of each phase value of the phase image, i™ and j™ are the pixels in

the horizontal and vertical direction, N x M is the total no. of pixels.

Spatial Phase Standard Deviation (Ssta): signifies the variations in the phase values of the

human breast tissue.

\/ii(A¢(xi’yj)_A¢(‘x’y ))Z
S, ()=

(4.7)
n

where, n is the number of images, Ag(x, ) is the change in phase in radian in x and y-

direction.

49



Spatial Phase Skewness (Ssk): measures the distribution of the phase values around the mean

value and give its shape.

EE (6o r,)- 390,

— (4.8)
S3

std

S, (x,y)=

Spatial Phase Kurtosis (Skur): calculates from the histogram and extent upto the shape of the

distribution equals to the normal distribution.

Jii(A¢(xi’yj)_A¢(xi’yj))4

Skm—(x’y)_ S4

std

(4.9)

The average values of all the features for both healthy and malignant breast tissue have been

calculated and mentioned in table 4.1.

4.3.3 Machine Learning Classifier

A linear SVM classifier has been evaluated for the ability to distinguish healthy and cancerous
types of tissues with spatial phase features derived from phase images of the breast. All features
extracted from the field of interest of phase images are mentioned in table 5.1. These features
have been used as vector predictors, whereas response variables represent healthy and

malignant (precancerous and cancerous) tissue diagnostic outcomes.

4.4 RESULTS AND DISCUSSION

The most of the biological cells/tissues are transparent and so they present a minimal light
absorption. Hence, a purely intensity-based method suffers from a low contrast. Phase imaging
is based on endogenous refractive index contrast, which is invariant under experiment or
instrument variations. Though, conventional OCT gives structural images of biological tissues,
but in some cases while distinguishing between healthy and stroma and tumor (such as in case

of IDC which have a low scattering) merely on the basis of the intensity image difficulty arises
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due to poor contrast. However, these tissues have significant difference in the collagen content
and organization. PS-OCT is capable of detecting these changes in the collagen content and
enhances contrast over structural OCT images. Due to the highly aligned collagen content of
the fibrous stroma, the tissue exhibits birefringence. Thus, the polarisation state of the incident
light changes as it passes through tissue, leading to a clear change in the phase retardation. On
the other hand, IDC destroys the natural organization of the collagen and results in significant
reduction in tissues birefringence. Table 4.1 shows the mean values of all the features extracted
from healthy and malignant human breast tissue. Malignant human breast tissue has a higher
spatial mean phase value compared to the healthy one as shown in table 5.1, which attributes
to the density of the tumor. Although, breast density is the distribution of glandular and fibrous
tissues higher density is not unusual and is associated with a higher risk of cancer. The higher
value of the entropy may be the tissue inhomogeneity because the entropy determines the
complexity or irregularity of the image. The entropy of phase image is higher if the phase
distribution of complex textures is not uniform, as shown in table 5.1 that malignant tissue has
a higher entropy or randomness in phase as compare to healthy tissue. The standard phase
deviation reflects the phase fluctuation in the field of interest. table 5.1 indicates a higher
standard deviation value for the cancer cell, which may relate the higher deviation from the
mean location of each pixel phase value. Phase kurtosis and skewness indicates smoothness in
the phase value of the tissue, which is more prevalent in the healthy tissue compared to cancer.
To evaluate all the quantitative phase features, a Tukey—Kramer test is carried out and p-value
< 0.05 is considered as statistically significant, as shown in table 4.1. The sample is divided
into two parts training and testing, 70% of the data sets were used for train the network while
30% to test the classifier. To asses the statistical significance of the extracted features, a
statistical analysis considering a confidence interval of 95% and a hypothesis test were
performed. Since the dataset is not normally distributed thus a non-parametric test, i.e., the
Mann-Whitney U test has been conducted. The test yields a p-value <0.05 for all the extracted

features, indicating a statically significant difference between them.
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Table 4.1 Spatial phase features extracted from healthy and cancerous breast tissues with

significant p-values.

Normalized Spatial | Healthy Cancerons P-value
Phase Features Breast Tissue | Breast Tissne

Sg 0.33=0.09 0,37+0.11 0.013
Ssia 01405 0.2=0.4 <0001
Se 7.4+0.6 7,809 0.011
Steur 2.1220.53 3.0140. 71 0.001
Sa 0.32=0.01 0,38+0.02 <0,0001

The classifier is tested for sensitivity and specificity. A linear SVM classifier is trained to
classify healthy and malignant breast tissue. 5-fold cross-validation is used to test the model
robustness, with an average of 92.10 % sensitivity, 89.18% specificity, and with an average of
area under curve (AUC) 0.93 for the training data set. 90.90 % sensitivity, 85.0% specificity
and AUC 0.90 for testing data set as shown in the figure 4.3.
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False Positive Rate

Figure 4.3 Receiver operating characteristic curve for testing data set.

The findings of the training and testing are focused on a small sample pool, and further evidence

needs to be obtained.
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4.5 CONCLUSIONS

FF-PS-OCT has been demonstrated to be an effective method to monitor tissue morphology
changes caused by cancer. A number of optical parameters of the tissue obtained from their
phase images is used to differentiate between healthy and malignant tissues with SVM
classifier. The developed automated FF-PS-OCT system and classification algorithm based on
machine learning will improve diagnosis and treatment efficiency. It provides a basis for further
research into the automated medical diagnosis of tumors /cancer with spatial phase features.
Future work will include the analysis of large number of freshly-exposed tissue samples and
the real-time incorporation of machine learning/deep learning, so that the technology can be

transferred from the lab to point of care environment.
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CHAPTER 5
DIAGNOSIS OF MELANOMA SKIN CANCER USING MACHINE
LEARNING APPROACH FOR DERMOSCOPIC IMAGES

5.1 BACKGROUND

Out of all types of cancers, skin cancer is considered as most spreading cause of death.
Diagnosis of these diseases in early stages can cure a person and protect them from death.
Malignant melanoma is considered as most harmful type of skin cancer and mutations is
triggered by these cancerous cells that form malignant tumors by growth of the cells. The pre-
processing, segmentation, feature extraction and classification are main steps of skin detection
approaches. Mainly viral infection diseases such as Leprosy, Genetic diseases, melanoma skin
cancer are most common types of skin diseases [144]. The motive behind this work is to
develop a system that is able to detect skin cancer in early stage so that a person’s life can be
saved. In this work, a new system has been proposed in which the canny edge detector is applied
on images of PH? dataset for edges detection and these images are smoothened using Gaussian
filtration. After the pre-processing operations the features are extracted using Non-linear kernel
ICA and further these features are then classified using Naive Bayes and Support Vector
Machines. The proposed work has been analysed with existing techniques in terms of various

parameters.

5.2 INTRODUCTION

In scientific community, cancer is considered an unavoidable issue as there is no as such
specific treatment that is able to tackle this issue with 100% positive results. Although, various
new techniques for its treatment has been innovated from science endeavours. In entire world,
skin cancer is considered as most spreading cause of death [145]. If it is diagnosed in early
stages, then it can be cured. So, early detection of skin cancer has become important due to
increase in statistical foundation of skin cancer. People of various fields get attracted towards
the early detection of skin cancer. Malignant melanoma is considered as most harmful type of
skin cancer and mutations are triggered by these cancerous cells that form malignant tumors
by growth of the cells. The melanocytes produced pigments in epidermis topmost layer are the
origin of these skin cancers [146]. The exposure of skin in UV light cause melanoma cancer
and most of it look like models, some are bigger in size as compared to models and of brown

or black color along with red, blue, pink, white and purple colored skin. Squamous cell
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carcinoma, melanoma and basal cell carcinoma are three most popular types of skin cancers
and other most unusual types are dermatofibrosarcoma protuberance and merkel cell tumors.
As like other types of cancer such as Basal Cell carcinoma, Melanoma and Squamous Cell
carcinoma, a skin cancer is considered as one of the major diseases. This has been seen that the
chances of sunburns from sun ultra-violet ray’s increases in case of skin with lack of melanin.
Then the skin cancer is formed by greater extent of sunburn [147] that can be identified by
observing the size, texture, shape and color of the skin. The medical diagnosis and treatment
comes in existence after the detection of melanoma or skin cancer using image processing
techniques that helps in advance prevention of skin cancer.

For evaluation and quantification of findings in dermoscopy, an ABCD rule of
dermoscopy is used along with it is used to classify the melanoma from benign lesions. First
rule of ABCD is asymmetry that states the lesion slides are different from one another, Irregular
or notched comes under border irregularity, C stands for color and color of melanomas is a
mixture of white, dark brown, black, blue, light brown and D stands for diameter that means
lesions larger than 6 mm is consider as cancerous. But in case of early detection, the size will
be less than the 6 mm. Image acquisition, pre-processing, segmentation, feature extraction and
classification are some of the steps performed to predict the type of skin cancer by considering
various parameters that undergo different evaluations. The skin sore is evaluated using the
above given steps and then they are arranged according to dangerous and generous [148]. For
analysis of melanoma in early stages a number of researches have worked on all the real

parameters so that legitimate treatment can be given to the patient.

5.3 MOTIVATION

Skin cancer is one of the most common cancers in human being that is hard to detect at early
stage. Number of people are losing their lives due to skin cancer and its count is getting
increased day by day. To save lives, there is a need to detect it as early as possible. There are
various manual processes to diagnose it but its very time consuming and expensive. But, now
with the advancement in Machine learning it proves to be helpful in various fields [149]. ML is
about digesting big volumes of data and learning from that data in how to carry out a particular
task, such as to differentiate melanoma and non-melanoma cells. ML in Cancer detection
employs a variety of techniques to smartly handle large and complex volumes of information.
It also excels at managing large and complex amounts of data. And its use in various areas to
engrossed researchers for working on it improves the existing systems and it has been found

that acceptable improvement is achieved in various areas of medical by using machine learning

55



in it. Due to this, its use in early detection of cancerous cells is easy and that’s why a SVM,

Naive Bayes like machine learning techniques has been introduced in this work.
5.4 RELATED WORK

This section of paper contains review on work done by researchers in skin disease detection
using different classifiers. We have considered Support vector machine, K-nearest network,

Convolution neural network and deep learning.
5.4.1 Skin cancer detection using different learning techniques

In histopathological images automated detection of cancerous tissue is not an easy task. So, for
histopathological images a new pattern recognition method is proposed by Ammara Masood,
et al. (2015), that is able to identify cancerous tissues [150]. In their work they have used both
autoregressive parameters and intensity, wavelet based statistical features are used for feature
selection which are based on differential evolution. This feature selection approach helps in
reduction of dimensionality and then for selected features evaluation and images classification
a support vector machine is used. The 150 histopathological images are used for training and
testing purpose that comparative results give 89.1% of average diagnostic accuracy. Further
for segmentation of lesion a K-means clustering is used by Suganya R, (2016) the shape, text
and color features are extracted [151]. Various researchers have used number of classifiers for
only melanoma or melanocytic skin lesion detection. But in their work Suganya R, have also
classify other lesion like Nevus, Seborrheic keratosis, Melanoma and Basal cell carcinoma skin
lesions that are classified using SVM. For testing purpose, the Dermweb collected dataset were
used out of which a 220 MSLs and 100 No mSLs set of images are used and results show the

better accuracy is achieved using it.

A new method has been proposed by F.K. Nezhadian et al. (2017) that is able to diagnose
melanoma in early stages [152]. The dermoscopic images are classified into malignant and
benign using proposed new algorithm by them. In initial stages colourful and texture
components feature extraction and active counter model is used to segment the images. For the
first time Farzam Kharaji Nezhadian, et.al, have also used texture based features for disease
diagnosis that gives high efficiency. On testing the proposed method using SVM classifier an
accuracy of 97% when tested it on international skin imaging collaboration dataset Muhammad
Nasir et al. (2017), have done the classification of benign and melanoma skin lesions using a
new method [153]. In their new proposed method, they have done pre-processing, lesion
segmentation, features extraction, selection and classification. For pre-processing purpose, they

have used DullRazor for hair removal and then lesion contrast is enhanced using color and
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lesion texture information. The hybrid technique was used for lesion segmentation and then
additive law of probability is used to fuse the results. The HOG, texture and color traits are
fused after extracting it using serial based method then Boltzman Entropy method is used to
select the fused features. In the last SVM is used to classify the selected features and for
evaluation purpose a PH? dataset is used. The results achieved using proposed method are

97.7% of sensitivity, 97.5% of F-score, 96.7% of specificity and 97.5% of accuracy.

Due to increase in ultraviolet radiation there is rise in melanoma skin cancer and new
cases are also being seen in darker skinned communities. It has been seen that if cancer is
detected in early stage then there can be more chances of successful treatment on other hand
the chances become low in later stages. To get better accuracy in classification of segmented
skin lesions there is need of using good approaches for image pre-processing, segmentation
and feature extraction. Suleiman Mustafa, et al. (2017), have worked on enhancing the accuracy
of visualization for GrabCut segmentation by experimenting the colour space with luminance
[154]. On the extracted corner and geometric features, an SVM machine learning technique is
employed to produce good results. Suleiman Mustafa et al. (2018) worked on melanoma skin
cancer identification utilising a proposed automated approach that was applied to images of
affected skin regions [155]. Melanoma is the most serious type of skin cancer, yet like other
cancers, it can be cured if caught early. It mostly affects the outside of the body, making it
simple for skin specialists to identify by employing digital image processing in computer aided
diagnostics. For detection purpose they have used ABCDEs rule. In their process firstly the
input image is segmented into lesions of interest appeared to melanoma by GrabCut algorithm
and afterward image processing techniques are used to extract geometry, color and shape
features. These features were further classified using SVM with a Gaussian radial basis kernel
into cancerous malignant and non-cancerous benign models. 200 images are used for
evaluation purpose and only 6 features are enough for melanoma detection. Firstly, skin images
are pre-processed in method used by Soniya Mane, et al. then image segmentation technique is
used to segment the pre-processed lesion part [156]. Further from segmented lesion the unique
features are extracted and classified it into normal skin and melanoma skin cancer using SVM.

The use of SVM with linear kernel gives optimum accuracy.

5.4.2 Skin cancer detection using Machine Learning classifier

Ms. H. R. Mhaske et al. (2013) [157] employ SVM and a neural network as a classifier for the
early diagnosis of Melanoma skin cancer. Image processing plays a vital part in the medical

field, and the usage of melanoma skin cancer in humans is a dangerous and critical process.
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Melanoma skin cancer can result in a person's death, so it's critical to catch it early. It is treatable
and can save a person's life if it is detected in its early stages. Skin cancer is a cancer that affects
the skin and is an extremely lethal form of cancer. The SIAscopy and Biopsy are two
procedures for diagnosing skin cancer that are both time consuming and uncomfortable. So,
Aswin. R. B, et al. (2014) proposed a less time-consuming, uncomfortable, and cost-effective
Computer aided skin cancer screening method [158], which employs artificial intelligence and
digital image processing. There is no direct touch with the skin in this procedure; instead,
dermoscopic images are employed, which are segmented after going through image processing
techniques. Further feature extraction techniques are used to extract unique features from
images using Fray Level Co-occurrence Matrix and RGB color feature. Further these features
are classified using ANN which is optimized by genetic algorithm to improve the classification
accuracy. The evaluation of ANN method is done for pigmented and non-pigmented lesion
segmentation by Andreea Udrea, et al. (2017) [159]. In their proposed method generative
adversarial neural networks are used that is trained on large data set of images taken from
smartphone cameras. According to evaluation a 92% of lesions from test set images are
identified correctly. As discussed in previous papers there is very fast growth of melanoma skin
cancer but people are not much aware about this kind of skin cancer. To have a productive
treatment a vital role is played by early detection of melanoma skin tumor. In therapeutic
domain an important role is played by image processing. Preeti Shahi, et al. (2018), have
worked on gathered dermoscopy image database then perform pre-processing on it and used
thresholding for segmentation [160]. Tamura, wavelet and GLCM is used for feature extraction

and classified using K-nearest neighbors (KNN), ensemble, SVM and decision trees.

The main focus of Noel B. Linsangan et al. (2018), is to classify the skin cancer using
geometric features of skin lesions [161]. The dermoscopy ABCD rule is used to extract the
geometry features of skin lesion followed by their border, diameter and asymmetry parameters.
For classification purpose they have used shortest, greatest diameter, perimeter, area,
irregularity index, circulatory index and equivalent diameter parameters in dataset. The
classification of benign melanoma, unknown and malignant melanoma is considered by them.
The classification done using KNN gives accuracy of 90%. Due to the complicated structure
of lesions, which makes it challenging to visually detect and classify skin lesions [162],
Seetharani Murugaiyan Jaisakthi, et al. (2018) offer an automated skin lesion segmentation
approach. Pre-processing and segmentation are two steps in their suggested method that can be
employed as a pre-lesion classification step. They employ a filtering technique to remove
rulers, hair, and light like sounds during pre-processing, and then the GrabCut segmentation

algorithm to separate the skin lesions. A colour feature learned from training images, together
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with the k-means clustering technique, is utilised to optimise the segment borders. The
suggested method is tested using the ISIC 2017 challenge dataset and the PH? dataset, which
have Dice coefficient values of 0.8236 and 0.9139, respectively.

5.4.3 Role of deep learning in Skin cancer detection

Pravda Jith Ray, et al. (2015), have worked on enhancing the histopathological images of skin
by segmentation and classification [163]. The bilateral filtering and CLAHE algorithm is used
by them for image enhancement. Then fuzzy c-means algorithm is used for initial segmentation
and final segmentation is performed using local region recursive algorithm. To obtain region
ellipticity they have used elliptical descriptor and melanocytes are distinguished from candidate
nuclei regions using local pattern characteristics. Mobeen ur Rehman, et al. (2018), have used
subsequent application of Convolution Neural Network (CNN) and segmentation on
dermoscopy images in groundwork presented by them for skin lesions detection [164]. As a
dataset they have used ISIC-2016 images and on the basis of individual channel intensity
thresholding a skin lesions images are segmented. Further feature extraction part is done using
CNN and classified using ANN classifier. The results of proposed work having accuracy of

98.32% are compared with existing best accuracy of 97%.

For segmentation of automatic skin lesion, a deep learning method is used by Rashika Mishra,
etal. (2017), on subset of International Skin Imaging Collaboration (ISIC) Archive dataset that
have dermoscopic along with lesion binary masks images provided by IEEE International
Symposium on Biomedical Imaging (ISBI) 2017 challenge for Skin Lesion Analysis Towards
Melanoma Detection [165]. Their results are compared with the results submitted by other
participants that shows an improved results achieved by proposed method in terms of
segmentation accuracy. Then Alper ARIK, et al. (2017), have also used deep learning methods
for classification of skin lesions for melanoma detection [166]. From study it has been seen
that use of deep learning is getting increased due to better results achieved using it in difficult
computer vision tasks. So, a new hybrid method is proposed by Mohamed Attia, et al. (2017),
in which they have used convolution and recurrent neural networks two most popular deep
learning method [167]. 900 images are used for training the proposed method and 375 images
are used for testing purpose. ISBI 2016 conference hosted Skin Lesion Analysis Toward
Melanoma Detection challenge images are used as dataset. The proposed approach is evaluated

that gives 98% of segmentation average accuracy with 93% of Jaccard index.
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5.4.4 List of classifiers

This section covers the review on various classifiers used by researchers along with their

purpose in improving the task of skin cancer detection.

Table 5.1 List of various classifiers used in skin cancer detection

Name of Classifier

Purpose

Support vector machine (SVM)
[150]

For selected features evaluation and images classification

SVM [151] Classification of lesion like Nevus, Seborrheic keratosis,
Melanoma and Basal cell carcinoma skin lesions
SVM [152] Diagnose melanoma in early stages

SVM with Gaussian radial basis
kernel [153]

Classification of benign and melanoma skin lesions

Artificial Neural network
optimized using Genetic

algorithm [158]

Classification of Fray Level Co-occurrence and RGB color

feature

Generative adversarial Neural

Network [159]

For pigmented and non-pigmented lesion segmentation

SVM, k-Nearest Neighbors
(KNN), decision trees and
ensemble [160]

Feature extraction and classification

k-Nearest Neighbors (k-NN)
algorithm [161]

The classification of benign melanoma, unknown and

malignant melanoma

Fuzzy C-Means algorithm [160]

Initial segmentation and final segmentation

ANN and CNN classifier [164]

Segmentation on dermoscopy images in groundwork and

classification

Deep learning method [165]

Classification of skin lesions for melanoma detection
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5.5 RESULTS AND DISCUSSION

In this study, we have used two classifiers SVM and Naive Bayes along with non-linear kernel
based ICA feature extraction approach and various methods for pre-processing task. This
section will give the detail about the implementation and results obtained using proposed

approach.
5.5.1 Research Methodology

In this work, a model has been proposed in which various algorithms has been used to improve
the results for skin cancer detection. Firstly, the original skin cancer images are taken from PH?
dataset that consist of 200 dermoscopic images along with corresponding medical annotations

that comprised of 80 typical nevi, 80 common nevi and 40 malignant melanomas.

L

Figure 5.1 Images from PH? dataset

For pre-processing of images, it is firstly converted into gray images by gray scale conversion
further the edges are detected using canny edge detector. The detection of edges gives more
accurate data. The canny edge detector uses multi-stage algorithm for edges detection. For this
purpose, it performs five steps in which first is noise reduction, gradient calculation, Non-
maximum suppression, Double threshold forwarded with Edge tracking by hysteresis in the

end. Furthermore, the output image comes after edges detection is smoothened out.
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Figure 5.2 Proposed research methodology of skin cancer detection

Once the image is pre-processed by removal of unwanted data, it is passed through Non-linear
kernel ICA for feature extraction. Kernel methods are a class of ML that mainly used for
handling the non-linear problems that discover nonlinear patterns from the data and retain the
computational elegance of matrix algebra [159, 160]. Due to this, it is mainly used in the feature
extraction purpose. In this work, we have hybrid it with Independent component analysis (ICA)
unsupervised learning that outputs a set of maximal independent component vectors. It takes
input data as a mixture of independent components that identify one of them by deleting noisy

components from it.

After the extraction part, the extracted features are used to train the system with the input as
feature vector in an iterative manner. In this the image guided filter is also use to process the
image using image guided filter that helps in detecting the region of interest. It uses content of
a second image or guidance image to perform the edge-preserving smoothing on an image that
influence the filtering. The guidance image can be an image itself that can be different version
of the image or a completely different image. It is different from other image filtering by taking
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corresponding spatial neighbourhood statistics of region in the guidance image when

calculating the value of the output pixel.

In the end the classification is done using two different classifiers SVM and Naive Bayes
separately. The SVM is a supervised ML algorithm that is used by various researchers for the
operation of classification or regression [150, 173]. In this, each data item is plotted as a point
in n-dimensional space in which the value of each feature is being the value of a particular
coordinate. Furthermore, a hyperplane is drawn to differentiate the two classes. Other classifier
used in this work is Naive Bayes that is a set of probabilistic classifiers which aim is to
categorize the data after being processed and analysed. In this, an assumption is done that the

specific feature value is independent from other feature value.
5.5.2 Simulation Outputs

In this work original colour skin image is taken from PH? dataset that is further converted into
gray colour image. In this firstly the selected images are pre-processed using grayscale
conversion and edges detection using canny edge detector the smoothen using Gaussian

filtration.

Original Image Noisy imageo

Figure 5.3 Original and pre-processed image

From the pre-processed image the required features are extracted using Non-linear kernel based
ICA feature extraction approach. The motive behind using proposed approach is ability to
tackle nonlinear algorithms for which it reduces the linear ones in some feature space S, which

is related to the original input space in by a possibly nonlinear map i.
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Figure 5.4 Detected contrast region after feature extraction

In this work, two classifiers SVM and Naive Bayes are used to test both of it individually.
Classification of data is one of the most frequent decision making tasks performed by various
researchers. In this the final decision is made about whether image contains skin cancer or not.
Due to it, this step is very critical in decision making and getting the improved results. To make
the classification about melanoma from benign lesion is firstly done using SVM. The motive
behind using the SVM in this work is its advantage of giving good accuracy, work well in

limited datasets and many more. It is mainly work by making hyperplane that define the

boundaries for decision for distinguishing the classes.

Table 5.2 Result using Non-linear kernel ICA + SVM

Test Samples Accuracy (%) Specificity (%) Sensitivity (%)
1 92.63 92.21 93.02
2 93.06 93.45 92.05
3 94.10 92.25 94.25
4 96.46 92.36 92.24
5 94.74 93.25 95.51
6 96.30 94.37 91.23
7 92.66 92.30 92.21
8 94.34 93.45 92.19
9 95.65 94.56 93.15
10 94.17 92.35 93.53
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11 94.29 92.45 90.42
12 93.27 92.34 92.53
13 92.15 91.09 93.23
14 96.15 90.04 91.64
15 94.27 92.42 91.35
16 90.28 92.62 90.26
17 90.37 90.11 94.46
18 92.46 93.90 92.13
19 90.15 93.82 93.16
20 94.28 92.42 92.19

For testing purpose, we have taken 20 samples. In which 20 different images are taken from
PH? dataset, then process it individually and given to SVM classifier after being pre-processed

and feature extraction using Non-linear kernel based ICA.

Non-linear kernel ICA + SVM
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Figure 5.5 Non-linear kernel ICA + SVM results of various samples
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The other classifier used for same work is Naive Bayes that is a statistical probabilistic
classifier work under assumptions. It is one of the simplest type of supervised learning
algorithms that is accurate, fast and reliable out of other algorithms. It is also proved to be best
for large datasets in which it gives high accuracy. In this, an assumption has been taken that
the effects of particular feature are independent of other features. Due to this assumption a

computation gets simplified that is known as class conditional independence.

P(rip) = 221N 5.1)

where, the P(h) is the probability of hypothesis being true regardless of data. P(D) is the
probability of data regardless of the hypothesis, P(h/D) is the probability of hypothesis h given
the data D and P(D/h) is the probability of data D given that hypothesis h was true.

Table 5.3 Results using Non-linear kernel ICA + Naive Bayes

Test Samples Accuracy (%) Specificity (%) Sensitivity (%)
1 97.86 96.13 96.19
2 98.36 98.10 97.91
3 98.60 98.29 97.29
4 97.26 96.43 96.46
5 98.76 97.29 97.59
6 98.60 98.61 97.68
7 97.62 97.48 98.28
8 97.48 97.16 98.10
9 98.46 96.10 96.19
10 97.16 96.49 98.24
11 97.39 96.19 97.80
12 98.46 96.80 98.10
13 97.60 97.19 96.28
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14 98.06 98.48 97.49
15 98.16 98.44 96.55
16 97.69 98.28 96.16
17 97.59 97.49 97.48
18 98.62 98.03 96.56
19 98.63 97.34 98.65
20 97.39 98.33 98.20

For testing purpose, we have taken 20 samples. In which 20 different images are taken from
PH? dataset, then process it individually and given to Naive Bayes classifier after being pre-

processed and feature extraction using Non-linear kernel based ICA.

Non-linear kernel ICA + Naive Bayes
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Figure 5.6 Non-linear kernel ICA + Naive Bayes results of various samples

5.6 EXPERIMENTAL RESULTS

The experiment results presented above using SVM and Naive Bayes classifier for various
samples in terms of various parameters shows that both algorithms are able to detect skin cancer
accurately. In this section, we have compared our best results with other existing algorithms
used by different researchers for same work. The results given below shows that the new

methods are superior with existing methods.
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For performance evaluation purpose, we have firstly computed the confusion matrix name as
True positive (TP), True Negative (TN), False positive (FP) and False Negative (FN). These

are computed to compute the performance matrix Accuracy, Sensitivity and specificity.

TP+TN

Accuracy = m (52)
Sensitivity = % 5.3
Specificity = prevg (5.4)

Accuracy defined the ability to differentiate between melanoma and other cases correctly.
Sensitivity defined the ability to determine the melanoma skin cancer detected patient correctly.

The specificity defines the ability to determine non-melanoma or skin cancer patient correctly.

Table 5.4 Comparative analysis based upon different classification methods

Machine Learning Accuracy | Specificity Sensitivity
Classifications

SRM [166] 67.66 87.57 10.35
Ostu [167] 65.18 70.64 52.21
SVM Linear Kernel 90.47 90.90 90
Classifier [168]

PSO [169] 91.87 99.09 78.26
FCM [170] 93.39 95.17 88.80
JSEG [171] 89.47 97.14 71.08
ASLM [172] 89.66 97.22 80.24
VM with Gaussian radial 96.8 89.3 95.40
basis function kernel [174]
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Proposed Non-linear kernel | 96.15 94.37 91.23
ICA+SVM
Proposed Non-linear kernel | 98.63 98.33 98.20
ICA + Naive Bayes
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Figure 5.7 Comparative Results based upon different classification

The implementation work has been done in MATLAB software. The table 5.4 and figure 5.7
illustrate the results by various researchers along with results achieved using proposed
approach in this work. The comparative results show that the use of proposed method by either
using SVM and Naive Bayes gives better results than other existing ones. The classification
performance gets improved after performing pre-processing and feature extraction using
proposed approach. The accuracy achieved using SVM classifier on proposed approach is
96.15 which even get improved after passing the extracted features through Naive Bayes i.e.,
98.63. In terms of specificity and sensitivity, results are 94.33, 98.33 and 91.23, 98.20

respectively for SVM and Naive Bayes classifier.
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5.7 CONCLUSIONS

Skin cancer is the most common cause of death throughout the world. It is possible to cure it if
it is detected early on. As a result of the growing statistical foundation of skin cancer, early
detection has become critical. People from many walks of life are drawn to early detection of
skin problems. According to the review, passing images via pre-processing before
classification improves the outcomes. As a result, a new strategy to detect skin cancer has been
developed in this study, which is more accurate than previous methods. For this project, the
edges are recognised using a canny edge detector after the input PH? dataset image is
transformed to gray images using gray scale conversion. Edge detection provides more precise
data. For edge identification, the canny edge detector employs a multi-stage approach that is
smoothed and run through a non-linear kernel-based ICA. Melanoma skin cancer is on the rise
as a result of increased UV radiation, and new occurrences are now being detected in darker
coloured communities. It has been shown that if cancer is found early on, the chances of a
successful treatment increase; however, the chances decrease as the cancer progresses.
Different researchers employ different classifiers to improve classification accuracy. The SVM
and the Naive Bayes classifier were employed, which produced accurate results than previous

approaches.

70



CHAPTER 6

CONCLUSIONS AND FUTURE SCOPE

6.1 CONCLUSIONS

The work presented in this thesis describes the different methods used for the investigation of
human tissues (healthy/unhealthy) using dermoscopy and OCT images. The state of the tissue
has been characterized by measuring different spatial phase features such as spatial mean phase,
spatial phase standard deviation, spatial phase entropy, spatial phase skewness and spatial
phase kurtosis. These parameters are very much helpful in the investigation of human breast
tissue. In addition, a machine learning based classifier such as SVM and pre-trained models
like Inception-V3 and ResNet50 has been used for automatic tissue characterization. The SVM
classifier was trained with quantitative phase images-based features for an automated
classification between healthy and unhealthy breast tissue in terms of high accuracy, sensitivity
and specificity. FF-PS-OCT has been demonstrated to be an effective method to monitor tissue
morphology changes caused by cancer.

First, in the suggested work, the medical images of the skin are analyzed for melanoma
skin cancer classification. ResNet50, a residual neural network with deep features, is utilized
with a variety of classifiers including SVM, LIBSVM, and Neural Network. The outcomes of
data augmentation utilizing Generative Adversarial Networks are compared to the results of
fundamental data augmentation methods like rotation, translation, and shearing. The
integration of ResNet50 for feature extraction, data augmentation of skin cancer images with
GAN, and classification using NN, SVM, and LIBSVM is offered as an efficient approach.
The studies are carried out on the MED-NODE dataset, with images categorized as melanoma
and nevus. On performing data augmentation with GAN, the greatest accuracy achieved was
96 % using a combination of ResNet50 and NN as the machine learning classifier, which is
better than many existing research.

In the next part of this thesis, the study was done on breast tissue samples using the
OCT images. The GAN-CNN based intelligent system was used for the automatic classification
of the breast cancer. The GAN (DCGAN) is utilised in this network to produce synthetic
datasets and then use these synthetic datasets to increase the quantity of information in order
to improve the CNN's (Inception-V3) classification performance. A small set of OCT images
of breast tissue is used to demonstrate our method. Based on the test datasets, the classification

performance of our method employing only the classic data increase gave a sensitivity level of
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93.6 %, 90.8 % specificity, and 91.7% accuracy. The accuracy of the training datasets increased
to 93.7 % from 92.0 % when the synthetic data was added.

Further, in the next part of the thesis, OCT measurements are used to automatically
identify malignant breast tissues using robust machine learning. A high-resolution automated
full field polarisation sensitive optical coherence tomography (FF-PS-OCT) system was
created in this study to distinguish healthy and malignant human breast tissue in ex vivo using
quantitative phase information. The FF-PS-OCT technology was used to image 12 breast tissue
samples (4 healthy, 8 malignant (cancerous), and distinct phase features were derived from the
collected OCT images (106 B-scan images), based on the differences in the optical signatures
of the healthy and malignant tissues. With 75 images, a linear support vector model classifier
was trained, yielding a sensitivity of 92.10 % and a specificity of 89.18 %. The model was
tested with 31 images, yielding a sensitivity of 90.90 % and a specificity of 85.0 %.

In the last part, a new system has been proposed in which the canny edge detector is
applied on images of PH? dataset for edges detection and these images are smoothened using
Gaussian filtration. After the pre-processing operations the features are extracted using Non-
linear kernel ICA and further these features are then classified using Naive Bayes and Support
Vector Machines. The proposed work has been analysed with existing techniques in terms of
various parameters. The comparative results show that the use of proposed method by either
using SVM and Naive Bayes gives better results than other existing ones. The accuracy
achieved using SVM classifier on proposed approach is 96.15 which even get improved after
passing the extracted features through Naive Bayes i.e., 98.63. In terms of specificity and
sensitivity, results are 94.33, 98.33 and 91.23, 98.20 respectively for SVM and Naive Bayes

classifiers.

6.2 FUTURE SCOPE

The goal of this research is to create a machine learning-based model for automatic tissue
analysis and to learn about the factors that influence tissue qualities. This is a significant
achievement; as machine learning has grown in popularity in the research community.
Computational imaging clearly has a superior role to play in the quantitative characterization
of various tissue samples. Because it can analyse data automatically, it is more accurate and
faster than manual analysis. Work on the creation of novel methods involving molecular
measurements for enhanced tissue characterization can be done in the future. Although our
study has significant promise in the medical area, we think that our technique can be used as a

criterion for deciding whether or not tissue samples should be diagnosed.
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In addition, we plan to use the knowledge gained from my thesis work to categorise
various biological and industrial applications. Based on the results, we expect that our proposed
method in chapter 2 can be used to examine the severity and different phases of the skin cancer
with the large number of samples. It can be useful for other skin cancer studies such as
squamous cell carcinoma and basal cell carcinoma including the variation in shape and
diameter of skin tissue.

In future, the algorithm developed in chapter 3 can be used with different CNN architectures
such as AlexNet, VGGNet and DenseNet etc. in order to measure the performance of the
network. This machine learning model of GAN-CNN architecture can detect other tissue
abnormalities such as bladder cancer, skin cancer etc. In Chapter 4, the classifier has improved
performance measures for breast cancer identification, which will aid in performing a more
precise biopsy or intraoperative margin evaluation. For the prediction and classification of
normal and malignant cells, our suggested approach does not require any expertise. In clinical
pathology labs, assessment of margins of various biological samples can be done and we can
identify the area of insalubrious tissue using the CNN model, making it a viable technique for

intraoperative applications.

Our recommended classifier, which is based on extracted characteristics from OCT images,
will assist clinicians in distinguishing between healthy and diseased tissue and outperforms the
previously published OCT image-based classifier. Our proposed method will provide the
promising results and will be helpful to the clinician or surgeon to monitor the individual
patient's health progress and success of therapy by automatically extracting the hidden image

information.
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