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ABSTRACT

Breast cancer is one of the most common causes of death in women around the world.
Researchers are actively seeking to develop early detection methods for breast cancer.
Several treatment technologies contributed to the reduction in mortality rate from this
disease, but early detection contributes the most to preventing disease spread, breast
amputation and death. The problem, however, lies in the accuracy of early detection
methods. Thermography is a promising technology for early diagnosis where thermal
cameras employed are of high resolution and sensitivity. The combination of Artificial
Intelligence (Al) with thermal images is an effective tool to detect early-stage breast
cancer and is foreseen to provide impressive predictability levels. This thesis reviewed
systematically the state-of-the art works employing thermography with Al, highlighted
their contributions and drawbacks, and proposed open issues for research. Furthermore,
the thesis has applied and investigated the behaviour of different recently introduced
deep learning methods for identifying breast disorders and further proposed a modified
method to suit the thesis goals. Inception MV4 achieved 7% faster classification
response time compared to V4. The use of MVV4 model is found to contribute to saving
energy consumed and fluidity in arithmetic operations for the graphic processor. The
results also indicate that increasing the number of layers may not necessarily be useful
in improving the performance. Furthermore, the thesis develops a numerical simulation
model to study the thermophysical properties of breast using COMSOL software.
Topical Sito-Cooling on breast surface area was found to contribute to increasing
thermal contrast in the simulated thermal images. The highest variations in skin
temperatures between breasts with cancer and without cancers can scope from 0.274 to
2.58 C. Finally, the thesis introduced an application design in a graphical user interface
and linked it with the AirDroid application to send thermal images from the smartphone
to the cloud and then retrieve back the diagnostic result from the cloud to the
smartphone app. The suggested framework novelty lies in its design to generate high-
quality input video of thermal imagery of the patients’ breast region in real time,
facilitating more accurate early breast cancer detection. The suggested structure was
modelled in MATLAB 2019 and was compatible with majority of standard Desktop
with thermal camera installed. It takes real time video stream of high-quality thermal
imagery as input and produces defined video files with a binary classification
characterizing normal or abnormal breasts with a recommended action for the patient.
This is followed by a proposed thermal image acquisition procedure with set of
recommendations for the development of a mobile app-based dataset. The thesis
concludes that early breast cancer detection using smart apps is a valuable and reliable
complementary tool for radiologists to aid the diagnosis process and reduce mortality
rates.
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CHAPTER ONE

INTRODUCTION

1.1 BACKGROUND OF THE STUDY

1.1.1 History Of Breast Cancer Detection

Egyptians identified breast cancer 3,000 BC (Lakhtakia, 2014). Then the Greeks, when a
woman brought to Hippocrates, had a bloody discharge from the nipple and died.
Hippocrates linked breast cancer due to menopause and called it hidden cancer because it
did not appear on the skin. In 450 BC, Hippocrates diagnosed the hidden diseases of the
patient by placing the mud on the entire body of the patient and the area that first dries out
is the disease. It is the primitive process of thermal detection in the medical field (Amalu,
n.d.). Signs of breast cancer appear in a bitter taste in the mouth, loss of appetite, disturbed
intelligence, dry eyes and nostrils, and loss of smell (Hartman, 1989). In the first century
AD, the surgeon from the school of Alexandria pointed out that breast cancer is a huge
swelling of harsh texture and uneven and grey to red. In 1913, radiography of breast cancer
patients began in Germany. The study was carried out on 3,000 patients by surgeon Salmon
(H. Koch, 2016). In 1951 ultrasound was used as a research tool to detect breast cancer
tumour and identify it benign or malignant. The other research supported in 1952, when 21
cases of breast cancer successfully identified. Through the results of this research,
ultrasound tested in the hospital as a diagnostic tool for breast cancer in 1954. In the 1960s,
improvements made to the internal structure of the ultrasound system and improvements in

detection methods, including placing breasts on controlled temperature water for early
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detection of the tumour. Technological revolution after 1980 contributed to changes in the
detection of the tumour and the flow of blood to the tumour. In the late 20th century, it was
developed to use ultrasound to guide the needle biopsy in the breast area (Dempsey, 2004).
In 1957 Lawson used the thermal camera for the first time to diagnose breast cancer when
he found the temperature difference of the tumour and the surrounding healthy area. When
doctors and surgeons found Lausanne and Ghatmati in 1963 when they published research
that the increase in skin temperature associated with breast cancer was associated with
venous convection. In 1982, the Food and Drug Administration approved the use of a
thermal camera as a diagnostic aid to detect breast cancer. In 1996, a comparison between
thermal images and X-rays for the diagnosis of a patient was conducted where the disease
was detected by the thermal images disease, while it was not detected by X-rays (Amalu,
n.d.).

1.1.2 Types Of Breast Cancer Imaging

1.1.2.1 Mammogram

Mammaograms are the gold standard for breast cancer screening since 1960. However, there
are many challenges affecting diagnosis using mammograms such as age, breast tissue
density and family history (Kennedy et al., 2009). Mammograms can detect breast cancer
in early stage, reducing mortality by 25%. The doses of mammograms used in diagnosis
affect patients over 70 years of age and cause rupture of weak tissue in the breast. They
may also cause the formation of cancer in these vessels. Also, it is unable to detect cancer

in younger women because of the density of breast tissue (Yao et al., 2014).
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1.1.2.2 Computerized Tomography (CT)

Computerized tomography takes X-rays of the breast from different angles as the patient
enters in a closed machine, and a computer collects the image of the breast. The patient is
injected into the vein of his hand with a substance to increase the contrast of the image
(Hossam et al., 2018). Modern image reconstruction techniques have reduced 70% of the
radiation and reduced the time it takes to take pictures (Power et al., 2016). However, there
are disadvantages to this technique, including that some patients cannot hold breathing.
This is in addition to the risk of radiation to the patient and its effect on pregnant women.

1.1.2.3 Magnetic Resonance Imaging (MRI)

MRI is a medical examination tool that uses radio waves and a field Magnetic. To show
the tumour and calcifications clearly, the patient is injected with a substance into the
bloodstream. MRI is often used to follow the response to chemotherapy for breast cancer
patients before resorting to breast amputation (Bhide et al., 2019). Furthermore, when using
MRI, the patient must be injected with gadolinium to show the details of the blood vessels
in the breast. The syringe Gadolinium has the least effect on the sensitivity of iodine used
in X-ray. However, the Gadolinium affects allergic patients, so a supervision doctor is
needed. MRI imaging has many disadvantages such as its inability to detect breast cancer
at an early stage and it is expensive too. Furthermore, women are not allowed to breast-
feed for 48 hours. The device is also a closed space that causes anxiety in claustrophobic

patients who are afraid of confined places.
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1.1.2.4 Ultrasound

Ultrasound imaging based on echo or reflection of sound waves is considered safer and
more effective than X-rays. Ultrasound was first used in 1940 by France and Germany in
the medical field. Ultrasound can detect breast cancer successfully in women with dense
tissue and it has no impact on health and is quick and comfortable. However, the
disadvantage of this technique is its inability to detect breast cancer at an early stage and it
has a higher rate of false positive results (Bhide et al., 2019).

1.1.2.5 Histology Imaging

Histological images are generated using a microscope and they allow for the study of the
microanatomy of cells, tissues, and organs by examining the correlation between structure
and function. To detect cancer, breast tissue is stained with hematoxylin and eosin. The
diagnosis of breast cancer histology images with hematoxylin and eosin stained, however,
is non-trivial, labor-intensive and often leads to a disagreement between pathologists
(Aghdam & Heravi, 2017). Furthermore, the process of generating the images themselves
require a microscope that is expensive to acquire and maintain.

1.1.2.6 Thermography

Greeks used wet clay to apply on the area of the disease; if the particular area dries faster
than other areas, it means that it has higher heat (Williams, 2013). Later, the same idea
evolved slowly on the use of specific measurements that indicates the existence of heat
from 16th to 18 centuries. In 1800, Williams Herschel discovered the infrared radiation and
in 1956 infrared imaging was adopted in medicine. Hence from the recent past, the thermal

camera was used to diagnose the disease and detect recovery (Hairong Qi & Diakides,
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2009). A thermal camera is a device used to detect infrared radiation from any objects
having a temperature higher than absolute zero. The body which emits temperature more
than absolute zero radiates electromagnetic waves. Plank equation shows the relationship
between the wavelength, temperature, and radiation of body surface (Gade & Moeslund,
2014). As the range of wavelength for infrared radiation is unseen by human eyes, hence a
device is required to detect this wavelength. One of the best ways to detect the range of
wavelength is by using a thermal camera. Usually, Infrared radiation contains different
wavelengths between the visible range and microwave spectrum. This wavelength range of
infrared radiation is between 0.75um to 1000pum (Hairong Qi & Diakides, 2009). However,
the wavelength range of radiation of the human body is between 8um to 12um. The medical
infrared thermography is utilized in breast abnormality detection because its advantages
such as radiation-free, non-invasive and painless nature. Infrared breast thermography is an
alternative breast imaging modality that can detect early changes or tumours which cannot
be detected by X-ray mammography. Breast cancer is a highly treatable disease, with 97%
chances of survival if getting detected earlier (Madhavi & Thomas, 2019). Thus, early
detection of breast cancer using infrared breast thermography may improve the survival
rate of breast cancer patients. The temperature pattern in both breasts of a healthy breast
thermogram is closely symmetrical. Hence, a small asymmetry in the temperature pattern
of the left and right breast may signify a breast abnormality shows in figure 1.1. There are
a series of texture features that play a vital role in asymmetry analysis of breast
thermograms. The use of ANN tools to classify these images as benign or malignant

tumours is strongly motivated once features are selected and extracted.
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