ZVINDOV

INN 2ADRINY

NOILO313d
ALINMVINHONGY d04 SAOVINI AdOOSONOTOD ONININ

020¢
NoVv

MINING COLONOSCOPY IMAGES FOR
ABNORMALITY DETECTION

A THESIS
SUBMITTED TO THE DEPARTMENT OF ELECTRICAL AND
COMPUTER ENGINEERING
AND THE GRADUATE SCHOOL OF ENGINEERING AND SCIENCE
OF ABDULLAH GUL UNIVERSITY
IN PARTIAL FULFILLMENT OF THE REQUIREMENTS
FOR THE DEGREE OF
Ph.D.

By
Rukiye Nur KACMAZ
September 2020



MINING COLONOSCOPY IMAGES FOR
ABNORMALITY DETECTION

A THESIS
SUBMITTED TO THE DEPARTMENT OF ELECTRICAL AND COMPUTER
ENGINEERING
AND THE GRADUATE SCHOOL OF ENGINEERING AND SCIENCE OF
ABDULLAH GUL UNIVERSITY
IN PARTIAL FULFILLMENT OF THE REQUIREMENTS
FOR THE DEGREE OF
Ph.D.

By
Rukiye Nur KACMAZ
September 2020



SCIENTIFIC ETHICS COMPLIANCE

| hereby declare that all information in this document has been obtained in accordance
with academic rules and ethical conduct. I also declare that, as required by these rules and

conduct, I have fully cited and referenced all materials and results that are not original to

this work.

Name-Surname: Rukiye Nur KACMAZ

Signature :



REGULATORY COMPLIANCE

Ph.D. thesis titled Mining Colonoscopy Images for Abnormality Detection has been
prepared in accordance with the Thesis Writing Guidelines of the Abdullah Giil

University, Graduate School of Engineering and Science.

Prepared By Advisor

Rukiye Nur KACMAZ Prof. Biilent YILMAZ

Head of the Electrical and Computer Engineering Program
Assoc. Prof. Kutay iCOZ



ACCEPTANCE AND APPROVAL

Ph.D. thesis titled Mining Colonoscopy Images for Abnormality Detection prepared by
Rukiye Nur KACMAZ has been accepted by the jury in the Electrical and Computer
Engineering Graduate Program at Abdullah Giil University, Graduate School of
Engineering and Science.

14 /09 /2020

JURY:

Advisor: Prof. Biilent YILMAZ

Member: Prof. Alper BASTURK

Member: Assist. Prof. Kassm TASDEMIR

Member: Assist. Prof. M. Ziibeyir UNLU

Member: Assist. Prof. Zafer AYDIN

APPROVAL.:

The acceptance of this Ph.D. thesis has been approved by the decision of the Abdullah

Giil University, Graduate School of Engineering and Science, Executive Board dated .....

/..... [, and numbered .............c.... .. )

Graduate School Dean

Prof. Hakan USTA



ABSTRACT
MINING COLONOSCOPY IMAGES FOR ABNORMALITY
DETECTION

Rukiye Nur KACMAZ
Ph.D. in Electrical and Computer Engineering Department
Supervisor: Prof. Biilent YILMAZ
September 2020

Detection of colon abnormalities is one of the most challenging tasks for
gastroenterologists. However, the frames or videos obtained during the procedure are
exposed to significant amount of unwanted artifacts such as motion artifact, specular
reflection (SR), improper contrast levels, gastric juice and bubbles, or residuals. The
images with such artifacts are called non-informative frames. In the first study, we
investigated the effect of SR and use of image interpolation to remove SR in texture-
based automatic polyp detection. We tested whether nearest neighbors, bilinear and
bicubic interpolation methods caused any differences in terms of texture features and
classification performance to discriminate polyps from the colon background. In the
second study the main aim was to compare the performance of conventional machine
learning and transfer learning methodologies in detecting non-informative frames. In
machine learning part, we used gray level co-occurrence matrix, gray level run length
matrix, neighborhood gray tone difference matrix, focus measure operators and three first
order statistics, and random forest, support vector machines and decision tree approaches
were used in the classification phase. In transfer learning part, we employed deep neural
network architectures like AlexNet, SqueezeNet, GoogleNet, ShuffleNet, ResNet-18,
ResNet-50, NasNetMobile, and MobileNet. The last study included the detection of colon
abnormalities such as Crohn’s, ulcerative colitis, cancer and polyp diseases on
informative frames. The aim of this study was first to discriminate healthy frames from
diseased ones, and to determine the disease types using both conventional machine
learning and transfer learning approaches.

Keywords: Colonoscopy, artifacts, colon diseases, texture features, machine learning,

transfer learning



OZET
ANORMALLIK TESPITI iICIN VERI MADENCILIGI

Rukiye Nur KACMAZ
Elektrik ve Bilgisayar Mithendisligi Anabilim Dalinda Doktora
Tez Yoneticisi: Prof. Dr. Biilent YILMAZ
Eyliil 2020

Gastroentereloji uzmanlari i¢in kolon anormalliklerinin tespit edilmesi en zor gorevlerden
birisidir. Bununla birlikte islem sirasinda elde edilen goriintii veya videolar, hareket
gliriiltiisti, yansima giiriiltiisii (YG), uygun olmayan kontrast giiriiltiisii, mide 6z suyu,
baloncuklar veya kalintilar igermektedir. Hastalik tespiti islemi ise bilgi igeren temiz
goriintiiler ile yiiriitiilmektedir. 11k calismada tekstiir tabanli otomatik polip tespitinde
YG'nin etkisini ve YG'yi ortadan kaldirmak i¢in kullanilan goriintii enterpolasyonunun
kullanimu arastirildi. Polipleri kolon arka planindan ayirt etmek igin, uygulanan en yakin
komsular, bilinecer ve bikiibik enterpolasyon yontemlerinin, tekstiir 6zellikleri ve
smiflandirma performansi agisindan herhangi bir farkliliga neden olup olmadigi test
edildi. Tkinci ¢alismada temel amacg, bilgi tasimayan gergeveleri tespit etmede geleneksel
makine Ogrenmesi ve transfer Ogrenme yaklasimlarmin  performanslarinin
karsilastirilmasiydi. Makine 6grenmesi bolimiinde, gri seviye es olusum matrisi, gri
seviye kosu uzunlugu matrisi, komsuluk gri ton farki matrisi, odak 6lgiim operatorleri ve
tic adet birinci derece istatistik kullanildi. Smiflandirma asamasinda rastgele orman,
destek vektor makineleri ve karar agaci yaklagimlar1 kullanilmistir. Transfer 6grenme
boliimiinde derin sinir aglari olarak AlexNet, SqueezeNet, GoogleNet, ShuffleNet,
ResNet-18, ResNet-50, NasNetMobile ve MobileNet tercih edildi. Son ¢alisma, bilgi
tastyan g¢ercevelerde Crohn, lilseratif kolit, kanser ve polip gibi kolon anormalliklerinin
saptanmasin1  icermistir. Bu calismanin amaci, Oncelikle saglikli ¢erceveleri
hastaliklilardan ayirmak ve hem geleneksel makine 6grenmesi hem de transfer 6grenme

yaklasimlarin1 kullanarak hastalik tiirlerini belirlemekti.

Anahtar kelimeler: Kolonoskopi, giiriiltii, kolon hastaliklari, tekstiir ozellikleri, makina

ogrenmesi, transfer ogrenme
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Chapter 1

1 Introduction

1.1 General

Human digestive system is examined in two parts as upper and lower. The large intestine
(colon) is located in the lower part of the digestive system. This part of our body may
have some abnormalities such as Crohn’s and Ulcerative Colitis which are also called as
inflammatory bowel diseases (IBD). In addition to this kind of diseases, polyp is the most
common disease in the large intestine. If polyps are not diagnosed in early stage, they
may lead to cancer. Abovementioned large intestine diseases significantly reduce not only
life quality but also survival rate [1, 2]. According to American Cancer Society Statistics
predictions, 104,610 people will suffer from colon cancer, and also it is estimated that
approximately half of these people (53,200) will lose their life in 2020 because of colon
cancer diseases. An important reason for the late diagnosis of colon cancer is that people
do not want to undergo colonoscopy until they feel a serious discomfort. In order to detect
these problems, three different methods are preferred; wireless capsule endoscopy
(WCE), virtual colonoscopy (VC) and optical or conventional colonoscopy (CC) [3]-[4].
In WCE a small pill like capsule is swallowed by the patient. The capsule captures
thousands of images/frames while moving in the digestive tract including colon and
wirelessly sends them to an external recorder. After this process is completed the capsule
is egested from body. The disadvantage of this method is that the experts have to cope
with approximately 60,000 images. WCE is time-consuming, however it may be
preferred in the future because of its non-invasiveness once better fast image processing
approaches are developed aiming WCE frames [2]. VC is an imaging procedure that uses

computed tomography and computers to produce two-(axial slices) and three dimensional
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(reconstructed) images of the colon. VVC is not preferred frequently because it uses x-ray,
and polyps or suspected tissues can only be detected but not removed during the same
operation [3]. In case of detecting any kind of abnormalities such as polyp or any other
differentiation, experts want to remove a piece of tissue (biopsy) and send to pathology.
Neither VC nor WCE have an equipment to remove abnormal tissue from the large
intestine. Only CC has suitable equipment to take a biopsy during the operation [4]. CC
is a procedure that enables an expert to evaluate inside of the colon using a long, flexible
tube with a camera and a light source at the tip. It is the most popular technique because
experts have a chance to examine the colon surface both in real-time and offline. Due to
the folded structure of the colon the examination of its surface can be difficult in real-
time, however during CC, videos or images/frames can be recorded, and thus experts can
evaluate the patient’s status even after the operation (offline assessment). Thus,
enhancement of conventional endoscopy properties may be evaluated as a noteworthy
improvement. When all of these pros and cons are taken into account, detecting
abnormalities using conventional colonoscopy is the main aim of this thesis. In this thesis,
we will investigate methodologies to detect abnormalities on the images or frames from
the videos. Before the frames are processed, we will develop a system to eliminate
noisy/non-informative frames. This computer-aided system will help the experts to

minimize diagnostic errors.

1.2 Objectives and Scope

Although abnormality detection on colonoscopic images has been a hot topic for a long
time, no complete solution has been found yet. In the previous works, polyps,
inflammation, abnormal vascularization, and bleeding can be listed as some of the
abnormalities that emerge on colon tissue. Most of the previous studies have preferred
studying on one type of abnormality detection. In this study we aimed to detect multi-
disease abnormalities such as polyp, IBD, and cancer. In addition to this, our purpose was
not only detecting abnormalities but also detecting inconvenient/non-informative frames
automatically. The number of frames extracted from videos is high, and all of these
frames are not convenient to perform processing on. Thus, we need to remove

inconvenient/non-informative frames. These images are called inconvenient/non-
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informative because specular reflection, residual, movement and camera focusing
problem may affect image quality and visibility. We studied on CC images, but automatic
non-informative frame elimination is also needed for WCE images. During WCE
procedure approximately 60,000 images are obtained and it is not easy to detect disease
from mixed dataset (both informative and non-informative included). Disease should be

detected from clear/informative frames.

In this study, we studied on two different types of open source datasets. First dataset was
comprised of the colon images from “CVC-ClinicDB” database prepared in the Hospital
Clinic of Barcelona, Spain [5]. This dataset was used for the first part of this thesis which
is the effect of interpolation on specular reflection for polyp detection. Second dataset
included the frames extracted from the videos related with different types of colon

diseases downloaded from https://www.gastrointestinalatlas.com/index.html link.

This thesis has three main parts. In the first part of this thesis, we investigated the effect
of image interpolation on polyp detection on images with specular reflection. Two
research questions were posed: How are the texture features used in automatic detection
of polyps affected by the interpolation on specular reflections? (2) If they are affected by
the interpolation approach does it really affect the classification performance? [6]. In the
second part of this thesis, we studied methods to eliminate non-informative colonoscopy
frames. In that part, we used conventional machine learning and transfer learning
approaches [6]. In the last part, we explored abnormality detection problem from
informative frames using conventional machine and transfer learning methods. Each part

of this thesis will be elaborated separately in the following chapters.
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Chapter 2

2 Background

2.1 Colon Anatomy

Colon which is also called large intestine is the last part of gastrointestinal part. It starts

with cecum and end with anal part (Figure 2.1.1). Small intestine sends digested food to

the large intestine. Colon is approximately 150 cm and examined in four parts which are

ascending, transverse, descending and sigmoid. Large intestine encloses small intestine.

Ascending part of colon is the beginning of colon. This part of colon starts just above

cecum. The colon ascending is followed by the transverse colon. Transverse colon ends

up with left colic flexure part and colon continues with descending part. Last part of colon

is the sigmoid colon and it is about 40 cm long. Sigmoid colon is followed by rectum and

anus respectively [7].

Right colic Left colic
(hepatic) flexure TRANSVERSE COLON (splenic) flexure

Taenia coli

ASCENDING

DESCENDING
COLON -

COLON

lleum

Sigmoid
flexure

lleocecal valve

Cecum

Rectum

The Large Intestine

Figure 2.1.1 Colon structure [8].
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2.2 Colonic Diseases

Colonic diseases arise from the colon’s inability to perform its normal task over time.
Diseases can be either benign or malign. The most common colon diseases are
inflammatory bowel diseases (IBD), polyp, and cancer. IBD has two types as Crohn’s
and ulcerative colitis (UC). Experts sometimes have difficulty in discriminating Crohn’s
and UC. Generally, patients have complaints like diarrhea and abdominal pain. These
diseases can be distinguished by their location. Crohn’s disease may take place at any
part of the digestive tract but UC generally occurs in the colon and rectum (Figure 2.2.1).
These diseases can be cured with medical or surgical approaches. The other two diseases
we have studied is polyp and colon cancer (Figure 2.2.2). The polyps are adenomatous or
hyperplastic. While adenomatous polyp types are called malign, hyperplastic polyp types
called benign. The risk of a polyp turning into cancer is high for malign type polyps when
compared to the benign type polyp. However, when experts detect a polyp in a colon
during the colonoscopy procedure, they tend to remove it. There are two reasons for this.
First, it is not possible to know whether the polyp is benign or malign without removing
the polyp using todays’ technologies and secondly since polyps are likely to turn into
cancer overtime, not removing the polyp may pose a risk to the patient’s life. Cancerous
part in the colon can be removed with surgery. In addition, a colonoscopy as a screening

test may decrease the colon cancer risk [9].
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Figure 2.2.2 Polyp and cancer [11].




2.3 Colonoscopy Types

2.3.1 Virtual Colonoscopy

Virtual colonoscopy (VC) is also called computed tomography colonoscopy because it
uses X-rays to create the image of colon (Figure 2.3.1.1). This method has some
advantages and disadvantages. For example, the procedure takes 10-15 minutes, requires
no sedation, and is less invasive than conventional colonoscopy. It is an alternative
method for people who cannot have conventional colonoscopy. Besides all these benefits,
it has some drawbacks. During this procedure a small amount of air through a short tube
is send to the colon in order to perform monitoring properly. This air may cause a rupture
in the colon. In addition, this method is only used for diagnosis. If the expert detects a
polyp or any other abnormal tissue, s/he will direct the patients to the conventional
colonoscopy to remove it. When this method is compared to the other two colonoscopy
methods, X-rays are used only in this technique. Although patients are exposed to low
dose X-rays, the cancer risk can be increased. Because of these reasons, virtual

colonoscopy is not widely used [12].

Cancer Rev=arch UK

Figure 2.3.1.1 Virtual colonoscopy and output image (reconstructed) [13], [14].
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2.3.2 Wireless Capsule Endoscopy

Wireless capsule endoscopy is the least invasive method among colonoscopy types. In
this method a small camera is located in a small capsule and the patient swallow it (Figure
2.3.3.1). This capsule travels through the digestive system and as long as there is no
unexpected situation, capsule is removed from the body by defecation. If the capsule
cannot be removed with defecation in two weeks, experts remove it with operation. In
addition to this, during this procedure people also carry a recording device that is
wirelessly connected to the capsule. The number of recorded images is approximately
60,000. Even though this approach is painless and less invasive, it is expensive and
records many images. In order to detect any kind of abnormality, experts should choose
their area of interest among from whole digestive system. In addition to this, this method
does not allow expert to take a biopsy or remove the polyp, and only contains imaging
and diagnosis. Although the shape of a polyp or an abnormal structure gives an indication
about the disease to experts, they need to send the removed tissues (biopsy specimens) to

the pathology department in order to obtain a definitive diagnosis [15].

425
-; PillCam

Vi

Figure 2.3.2.1 Wireless capsule endoscopy and output image [16], [17].
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2.3.3 Optical or Conventional Colonoscopy

Optical or conventional colonoscopy (CC) is a widely used technique to detect colon
diseases. In this method unlike virtual colonoscopy a long tube with a camera and light
source at the distal part is used to detect diseases and record colon images (Figure 2.3.3.1).
In addition, optical colonoscopy particularly stands out with its catheter, as this catheter
allows specialist to remove polyps or abnormalities and send to the pathology department.
Moreover, during this process radiation is not used unlike VC [18]. However, optical
colonoscopy has some disadvantages such as the long procedure duration which is
approximately 40-45 minutes, being invasive and painful, and requiring sedation.
However, definitive diagnosis is possible only with this approach. Using optical
colonoscopy, experts can take an image or record a video of the abnormal region. Colon
has a folded structure thus examination of colon is not easy for experts. Recorded videos

or images can be useful to re-evaluate patients’ situation after the operation.

Figure 2.3.3.1 Optical or conventional colonoscopy and one sample colonoscopy image
[19],[20].
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2.4 Colon Image Processing

2.4.1 Pre-processing

Raw colonoscopy images obtained for diagnosis or other purposes generally need pre-
processing because they include different kinds of artifacts. In order to use these images
in machine learning (ML) or neural network (NN) algorithms, images should be as clear
as possible in order to increase the accuracy of the automatic diagnosis. Pre-processing
approaches cannot be grouped under only one title but the most frequently used ones can
be listed as follows: Firstly, color conversion can be used to decrease complexity.
Studying with RGB images requires a high capacity computer and processing RGB
images takes a longer time than grayscale images thus color conversion can be useful.
Converting images into grayscale generally does not affect the object or disease detection
negatively. Color images are represented with 3 channels but grayscale images with two
channels. Redundant pixels are removed in grayscale images and thus complexity
decreases. However, in some problems color images are necessary. When one looks at
the image and if the image is not affected significantly even if it is grayscale, one can
work with grayscale images. Secondly, standardization is an important point to prepare
data to further processing steps. Collected images may not always be at the same size
because they may be obtained from different devices or sources. Resizing all available
images to a standard size of the user’s choice frequently solves this problem. Thirdly,
data augmentation is another technique for pre-processing. This method is applied to
increase the number of data to be used in a study by imposing data variation by scaling,
rotation or affine transformation of the available images. Data augmentation may increase
the accuracy rate because the model will be trained with different types of images. Lastly,
different from above techniques, many methods can be applied in ML and NN to prepare
the dataset. For example, edge detection, noise reduction, background removing,
smoothing, opening or closing. The pre-processing methodology one will choose depends

entirely on the status of the data to be used in further steps [21].
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2.4.2 Feature extraction

Pre-processing step is followed by feature extraction part. Feature extraction part is
important in order to classify images. Features can be defined as interpretation of images
mathematically. Features are extracted to determine different classes [22]. Using raw
data is really time consuming and managing it is really difficult especially for colourful
images thus features are extracted from images. This method makes image processing
easier. Also, managing raw data is not only waste of time but also required high
computing sources. However, feature extraction methods allow images to be reduced in
size and processed. In addition to these beneficial steps, feature extraction step enables
removing redundant information. All of these steps effect learning speed of computer
[23]. Many feature extraction methods have been applied in image processing
approaches. Feature extraction can be grouped under three headings which are color,
shape and texture features. Color space gives information about image using intensity
values. Color features can be histogram intersection method, zernike chromaticity
distribution moments and color histogram. Shape features can be binary image algorithm,
horizontal and vertical segmentation. Texture feature extraction methods are gray level
co-occurrence matrix, edge detection, laws texture [24]. Although abnormality detection
on colonoscopic images has been a hot topic for a long time, no complete solution has
been found yet. In the previous works, polyps, inflammatory bowel diseases, cancer can
be listed as some of the abnormalities that emerge on colon tissue. In order to detect
polyps, some researchers preferred shape-based detection while some of them selected
texture-based approaches [25]-[30]. Furthermore, severity of ulcerative colitis detection
is a study that can be found in the literature, they preferred to use local binary pattern
method as texture features [31]. In recent years, apart from these studies, researchers have
focused on detection of abnormalities that included more than one disease at the same
time. For example; Krishnan et al. published a study related to the intestinal abnormality
detection focusing on only polyps and tumors. Edge detection and curvature computation
methods were used to detect the tumor and the polyp [32]. Gueye et al. worked on wireless
capsule images in order to detect abnormalities eliminating non-informative frames
manually. They used not only texture-based methods but also shape and color based

approaches [33].
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In this study, in order to perform feature extraction, we used four popular second order
texture analysis approaches called gray level co-occurrence matrix (GLCM), gray level
run length matrix (GLRLM), neighborhood gray tone difference matrix (NGTDM), focus
measure operators (FMOs) and three first order statistics, such as kurtosis, standard
deviation, and skewness. The gray level co-occurrence matrix (GLCM), which describes
the relationship between neighbouring pixels, indicates the frequency of image brightness
recurrence at a certain distance and direction. If the co-occurrence matrix is denoted by
P, the value of P (i, j) specifies how many times i coincides with the value of j in some
specified positional relations. i and j are the pixel values. But in general, this distance
between pixels is regarded as a "one-pixel distance™ and a co-occurrence matrix is formed
accordingly. Some of the attributes extracted from the GLCM are energy, autocorrelation,
contrast correlation, difference, and homogeneity [34].

N-1
Energy = >_ (P,)? (1)
i,j=0
N-1
Contrast = »_ P, (i - j)? (2)
i,j=0
N-1
Entropy = > P, (i— j)? (3)
i,j=0
Homogeneit —P 4)
e Z L+ (i- )’
Correlation Ni jM (5)

i,j=0
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In the gray level run length matrix (GLRLM) approach, a set of consecutive pixels
with the same gray level value in the specified direction forms a gray level sequence.
Run length is the number of pixels in each gray level sequence. The presence of a large
number of neighboring pixels at the same gray level represents a coarse-grained
texture, while a small number of neighboring pixels have the same gray level
represents a finer texture with a faster change. If GLRLM is denoted by P, the value
of P (i, j) indicates how many times the gray level i has occurred in length j. This
description is for angularly different directions, but the most common use is horizontal
direction [35]. The most common of the attributes created using the GLRLM matrix
are short-run emphasis (SRE gives greater importance to short sequence lengths of any
gray level), long-run emphasis (LRE gives greater importance to long string lengths
of any gray level), gray level non-uniformity (GLN, the smallest value when the array
lengths are balanced in a balanced manner), run-length uniformity (RLU, takes the
smallest value when the sequence lengths are balanced), run percentage (RP), high
gray level run emphasis (HGRE, emphasis the high gray level) and low gray level run

emphasis (LGRE, emphasis low gray level).
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Neighborhood gray tone difference matrix (NGTDM) is a matrix of columns that

accommaodates elements up to the number of tones and allows one to extract texture-

related properties. It was first proposed by Amadasun and King in 1989 and has been

used in different problems. The attributes that are extracted from this vector are

coarseness, contrast, busyness, complexity, and strength [36].

G max -1
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i=1

G max
> {ps}
busyness = 5— S ;P #0,p; %0
DI Aip-ipp
i=L  j=L

Gmax |Gmax | |j — ] S .S
complexity = = il-(posi+ pys,) p#0;p; %0
[ j
i1 | j4 n.(p; + pj)

1 o S R
contrast=[m.2{2{pi.pj.(l— i) }H.{H.;{si}}

i=L | j=1

{Z{(p P~ 1)2}}

strength = - <
2. {s}
i=1

p,#0;p; #0

(16)

17)

(18)

(19)

(20)

24



The focus measure operators (FMOs) we used in this study included different types
of feature extraction methods that were grouped into six subcategories/families (Table
2.4.2.1). These categories were the gradient operator, Laplacian, the discrete wavelet
transform (DWT), image statistics, the discrete cosine transform (DCT) based methods
and a category that included miscellaneous approaches. The first subcategory included
the DCT based methods based on the energy ratio and the reduced energy ratio. The
DCT was employed to detect the images with the motion artifact, because the DCT
coefficients depicted information about the spatial frequency distribution of the image.
We know that the motion artifact causes the loss of high frequency components on the
images [37]. The second subcategory included the DWT based methods such as the
sum of wavelet coefficients, the variance of wavelet coefficients, and the ratio of
wavelet coefficients. The wavelet coefficients were also preferred to extract
information about the spatial frequency components, and especially the edges became
more detectable using this approach [38]. The third subcategory consisted of four
Laplacian-based methods; the modified Laplacian, the energy of Laplacian, the
variance of Laplacian, and the diagonal of Laplacian. This technique was used to
emphasize the intensity changes of an image by the help of the second derivative [39].
The fourth feature extraction method was based on the image statistics that consisted
of the gray level variance, gray level local variance, normalized gray level, histogram
entropy, and the histogram range [40]. The fifth subcategory included the gradient-
based methods, which were the Gaussian derivative, the energy of gradient, threshold
gradient, squared gradient, Tenengrad and the Tenengrad variance. Gradient-based
operators assume that clear or focused images have more edges than the blurred images
that is why we used this approach to calculate the first derivative of pixels on the
images. In addition to this, Tenengrad was used to calculate the magnitude of the
image gradient [41]. The last category was called miscellaneous, and included the
absolute central moment, Brenner’s method, contrast, curvature, steerable filters,

spatial frequency, Vollath's correlation and the Helmli's mean method [42].
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Table 2.4.2.1 The subfamilies of Focus Measure Operators (FMOs).

Method Types

Used Features

DCT-BASED

Energy Ratio

Reduced Energy Ratio

WAVELET-BASED

Sum of Wavelet Coefficient

Variance of Wavelet

Ratio of Wavelet

Coefficient

Coeff.

LAPLACIAN-BASED

Modified Laplacian

Energy of Laplacian

Variance of Laplacian

Diagonal Laplacian

STATISTICS-BASED

Gray Level Variance

Normalized Gray Level

Histogram Entropy

Gray Level Local Variance

Histogram Range

GRADIENT-BASED

Gaussian Derivative

Energy of Gradient

Threshold Gradient

Squared Gradient

Tenengrad

Tenengrad Variance

MISCELLANEQUS

Absolute Central Moment

Steerable Filters

Brenner’s Method

Spatial Frequency

Contrast

Vollath's Correlation

Curvature

Helmli's Mean Method
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2.4.3 Classification

Classification is a supervised learning technique. In the classification part of image
processing, data should be divided into three parts which are training, testing and
validation. This division could be 80%, 10%, and 10% or 70%, 15%, and 15%
respectively. The majority of the data should be a part of the training [43]. In this phase,
you give training data to the system and this system learns given data considering their
labels. Thus, a model or system is trained. After that, using this trained model, label of
validation set is predicted. Later, comparing predicted label and validation set label,
performance metrics are obtained (accuracy, sensitivity, specificity etc.). These values
are called validation performance metrics. Using this validation dataset, the best model is
selected and recorded [44]. The percentage of validation set can be decided based on the
number of hyperparameters. Hyperparameters play an important role in training model
because model structure is created based on these hyperparameters. Using validation set,
the best hyperparameters are selected and the best model is recorded [45]. If the number
of hyperparameters is low one can decrease the percentage of validation set. Training part
is used to create a suitable model by giving the system the associated classification labels
(or classes), and the system learns which label belongs to which data type. After the
system is trained and the model is formed, validation step is initiated. In that step dataset
generally consists of 10 to 15% of all the available data and this dataset is used to improve
and update the system hyperparameters. According to the validation accuracy or other
metrics, model can be improved in order to get reliable results. After the model is trained
and hyperparameters are updated/optimized, testing step is employed. In this step the
images that the system has not seen before are used to predict their labels/classes using
the available model and hyperparameters. These predicted labels are compared with the
actual ones, and the performance metrics are calculated [43]. The most common used
classifier types are; logistic regression, naive Bayes, support vector machines, decision
trees, random forest and support vector machine. The explanation of classifiers is given

below;
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» The Naive Bayes classifier is based on the ground of Bayes’ theorem. It can work
on unbalanced datasets. This algorithm calculates the probability of each state and
classifies according to the highest probability value. It can reach high values with
a small dataset. If a particular value is never observed for a discrete feature in
training set but in test set the model assigns zero probability to test samples that
contains this value. It cannot predict and this situation is known as zero frequency.
In order to solve this problem some correction technique can be used such as
Laplacian smoothing prediction. The usage areas of this method are real time

prediction, multiclass prediction, and text classification [46].

Naive bayes classifier

@ Classifier 1
6+ Classifier 2
@ Classifier 3

Figure 2.4.3.1 Naive Bayes classifier [47].

» Logistic regression is a regression method which is used to perform classification
on a dataset. It works if dependent variable or the results, can take 2 different
values such as yes/no, man/woman. It is preferred for linear classification

problems frequently thus it is similar to linear regression [48].
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« False samples

« True samples

Figure 2.4.3.2 Logistic regression classifier [49].

» Decision tree which is used for both classification and regression problems is one
of the most popular models in machine learning. The purpose is to create a model
that estimates the value of a variable by extracting simple rules from data
properties and learning these rules. Decision tree models can be modified to

handle missing values [50].
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Figure 2.4.3.3 Decision tree classifier [51].
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» Random forest classification method is similar to decision tree algorithms. It can
be used for both classification and regression analysis like decision tree. The
working principle of random forest is creating more than one decision tree and
while producing a result, the estimates in the decision trees are averaged. In
addition to this, random forest algorithm is an ensemble method [52].

Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

Lﬁ Majority Voting / Averaging

Final Result

Figure 2.4.3.4 Random forest classifier [53].

> k-NN is the most simple and preferred classification method. It is a non-
parametric and lazy learning algorithm. Lazy learning means that there is no
learning step in the training phase. This system does not learn from the training
set, it memorizes training set. When you need to predict, it searches the closest
neighbor from all datasets. In this algorithm a K value is determined and the
meaning of this value is the number of neighbors to search. When a value is
determined, the distances between test example and training examples are
computed and prediction is made based on the closest K samples in training set.
Euclidean function is generally used in distance calculation. However, Manhattan,
Minkowski and Hamming functions can also be used to measure distance. After
calculation of the distance, it is ordered and majority voting is used to assign a
suitable class [54].
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Figure 2.4.3.5 k-NN classifier [55].

SVM is a similar classification algorithm with Logistic Regression. Both of them
try to find the best line in order to separate two classes. This line passes from the
furthest place of elements that belongs to two classes. It is a nonparametric
classifier. Although SVM can classify both linear and non-linear datasets, it
generally tries to classify data linearly but, in some cases, it is not possible. In
order to get rid of this situation kernels are used. If a new dimension is created,

linear classification can be possible [56].

Support Vectors

Width

Figure 2.4.3.6 SVM classifier [57].
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2.4.4 Transfer Learning

Training of some models is almost impossible to implement on standard computer
processors due to model complexity or the size of the dataset. Therefore, graphics
processing units (GPU) are needed. These trained models can be used in various
ways to solve different problems as a result of trainings that take days and
sometimes weeks. This is exactly what is called ‘Transfer Learning’. For example,
if the dataset is not large enough, transfer learning has advantages because this
system is trained previously on huge amount of dataset such as ImageNet dataset
(15 million). Transfer learning provides faster solutions to many problems in
artificial intelligence studies. Different types of transfer learning methods are
explained below [58].

AlexNet is a transfer learning method that includes 8 layers. This network is
pretrained with more than one million images from ImageNet database. Using this
model, images can be classified into 1000 categories using 60 million parameters.
Input size of images for this network should be 227x227 [59].

AlexNet CONV 2
CONV 1
max max
00l Boo!

3x3 5x5 3x3

s§s=2 same s=2
227X227X3 55X 55X 96 27X27X96 27X27X256 13X 13X 256

CONV 3
3x3 3x3
same same same
13x13x384 13X13X 384 13X 13X 256 6Xx6x256 0216 4096 4096 o

https://indoml.com

2.4.4.1 AlexNet architecture [59].

35



SqueezeNet is another transfer learning model which is pretrained with more than
one million images from ImageNet database as AlexNet, however, this model has
18 layers. In addition to this, SqueezeNet is 3 times faster than AlexNet. In order
to train the model using SqueezeNet, size of images should be 227x227 [60].
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2.4.4.2 SqueezeNet architecture [60].

GoogLeNet network is trained with two different databases. One of these
databases is ImageNet, the other one is Place365. When model is trained with
ImageNet, it can classify images into 1000 different categories, however model
with trained with Place365 can classify images into 365 categories with 4 million
parameters. The number of layers is 22 and the size of input images is 224x224
[61].
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2.4.4.3 GoogLeNet architecture [61].

ShuffleNet is another kind of convolutional neural network type. This model is
improved especially for mobile devices. This network uses two proposed
operations that are pointwise group convolution and channel shuffle. This model
decreases computation cost significantly. This model is trained with ImageNet

dataset and size of input image is same as with GoogLeNet (224x224) [62].
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2.4.4.4 ShuffleNet architecture [62].

ResNet stands for residual network. This network is trained with ImageNet and

size of input images is 224x224. However, ResNet can be used as ResNet-18,

ResNet-50 or ResNet 101. The numbers show the number of layers of used in the

models [63].
2048-d
DRF
x3 x4 x6 x3 |‘
1x1,64 1x1,128 1x1,256 1x1,512 e
put

22‘;’;‘;;3)@ j 77, 643 3x3,64 3 3x3,128 ::) 3x3,256 ::) 3x3,512 3 FC 1002{) ( xnClasses)

1x1,256 1x1,512 1x1,1024 [V 1x1,2048
Layer Name Convl Conv2 Conva Conva Convs
(Output Size) (112x112) (5656) (28x28) (14x14) (7x7)

2.4.4.5 ResNet architecture [63].

MobileNet is created by using 53 layers. ImageNet database is used to train this
model previously. Computation power of MobileNet is less than other transfer
learning models that is why this model is suitable for embedded systems, mobile

devices or computers without GPU [64].
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Type / Stride Filter Shape Input Size
Conv /s2 3x3x3x32 224 x 224 x 3
Conv dw /sl 3 x3x32dw 112 x 112 x 32
Conv /sl 1 x1x32x64 112 x 112 x 32
Conv dw / s2 3 X3 x64dw 112 x 112 x 64
Conv /sl 1x1x64x128 56 x 56 X 64
Conv dw / sl 3x3x128dw 56 x 56 x 128
Conv /sl 1 x1x128 x 128 56 x 56 x 128
Conv dw /s2 3x3x 128 dw 56 x 56 x 128
Conv /sl 1 x1x128 x 256 28 x 28 x 128
Conv dw /sl 3 x 3 x 256 dw 28 x 28 x 256
Conv /sl 1 x1x 256 x 256 28 x 28 x 256
Conv dw / s2 3 X 3 x 256 dw 28 x 28 x 256
Conv /sl 1 x1x256x 512 14 x 14 x 256
5x Convdw/sl | 3 x3 x512dw 14 x 14 x 512
Conv /sl 1 x1x512x512 14 x 14 x 512
Conv dw / s2 3x3x512dw 14 x 14 x 512
Conv /sl I1x1x512x1024 | 7x7x512
Conv dw /s2 3 x 3 x 1024 dw 7x7x1024
Conv /sl 1 x1x1024 x 1024 | 7x 7 x 1024
Avg Pool / sl Pool 7 x 7 7x7x1024
FC /sl 1024 x 1000 1x1x1024
Softmax / sl Classifier 1 x1 x 1000

2.4.4.6 MobileNet architecture [64].

NasNetMobile is another type of artificial neural network. NasNet stands for
Neural Architecture Search. This model includes 913 layers, and the size of input
image is 224x224. This model is pretrained using ImageNet database, thus this

model can be useful for multiclass problems [65].
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2.4.4.7 NasNetMobile architecture [65].
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Chapter 3

3 Study-1

3.1 Effect of Interpolation on Specular Reflection in
Texture Based Automatic Colonic Polyp

Detection

Colon cancer develops in large intestine which is the last part of the digestive system.
Many colon cancer cases begin with adenomatous polyps called small and benign cells
[66]. Adenomatous polyps refer to abnormal growth of the tissue. Studies show that CC
is usually caused by pre-existing adenomatous polyps [67]. According to the study of the
American Cancer Society, CC is the third most common type of deadly cancer. Most CCs
are composed of 'silent’ tumors. These are slow-growing tumors that generally do not give
any indication until they reach a large size. CC can be prevented and treated if it is
diagnosed early [68]. Therefore, the polyps that the specialists detect are removed from
the patient regardless of whether they are malignant or benign so as not to create future
risk. The most common imaging methodology used for this procedure is called
‘colonoscopy.’ Colonoscopy allows examination of the intestines with the light and
camera on the tip, but also the removal of polyp with the help of the catheter at the end.
Colonoscopy is an operator-dependent process; thus, attention deficiency or fatigue of
the operator can cause missed polyps. The polyps which are not detected early enough
can turn into a cancerous structure, and after many years the disease can be diagnosed as
an advanced cancer, in which the survival rate is lower than 10% [69]. In addition to the
colonoscopy systems, in recent years, wireless capsule endoscopy (WCE) has been
developed for human-independent computer-aided screening. In this method, the camera
is placed in a vitamin-sized capsule. As the capsule travels along the digestive tract,

thousands of images are captured by the recorder connected to the patient's waist.
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Although this procedure seems more advantageous for the patient, it is not very efficient
in terms of examining about 60,000 images. The examination and processing of these
images is time consuming; it has not yet become a preferred method [66].

3.2 Literature review

Computer-aided polyp detection for colonoscopic and WCE images can be performed
according to the polyp shape or texture. In the literature, there are many studies focusing
on shape-based [70,71,72,73,74] and texture-based polyp detection. Shape-based polyp
detection generally uses geometrical shape, appearance or boundaries of polyps
[70,75,76]. Texture is one of the most important characteristics used to describe the region
of interest on the image. They are the measures of intensity variation of a surface that
determine properties such as smoothness, roughness, and regularity. Previous works on
colonoscopic images show that texture-based methods are more popular. For example,
Wang et al. used local binary pattern (LBP) approach [77], Tjoa et al. employed color
histogram and texture spectral features [78], and Alexandre et al. proposed a method
using color space features [79]. In addition to these studies, the texture analysis approach
like gray level co-occurence matrix (GLCM) was preferred in numerous publications [80,
81, 82]. These approaches use pixel intensities on the images. In order to get reliable
results, quality of the image should also be high. The quality can be deteriorated by the
light reflections, date or patient name information on the colonoscopic images.
Especially, reflections of light which occur due to the LED light source used to illuminate
the scene to visually examine the colon cause unwanted noise effects called ‘specular
reflection.” These undesired reflections occur on the polyp or other colon tissue, and
affect the texture features obtained from the image. In order to perform texture-based
polyp detection successfully the effect of specular reflection should be minimized.
Previously, several researchers proposed approaches to eliminate reflection on images.
For example, Guo et al. suggested a method to eliminate specular reflection for
endoscopic images. In that study, they proposed two steps: (1) Detection of reflection
using thresholding and (2) elimination of reflection using an inpainting algorithm [83].
Among other methods proposed in the literature, Stehle used spectral deconvolution

algorithm to remove reflections [84], Arnold et al. [85] and Karapetyan et al. [86]
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preferred inpainting algorithms which can also be called as the image interpolation
technique. In general, image interpolation approaches compute new values for pixels
whose intensity values are saturated due to specular reflection using adjacent/surrounding
pixels that have normal intensity values. As it has many types, in this study we used three
different interpolation methods: bilinear, nearest neighbor and bicubic interpolation.

In machine learning literature, texture-based automatic detection of colonic polyps
involves extracting texture features from the images or parts of images (subimages) and
applying classification techniques on these features to discriminate whether it includes a
polyp structure or not. The aim of this study was to seek answers to the following two
questions. (1) How are the texture features used in automatic detection of polyps affected
by the interpolation on specular reflections? (2) If they are affected by the interpolation
approach does it really affect the classification performance? In order to answer these
questions, we obtained texture features from colonoscopic images with no specular
reflections and the same features obtained from the same images with synthetically added
reflections with various sizes, and interpolation applied. The interpolation approaches we
used were the nearest neighbors, bilinear and bicubic interpolation. For answering the
second question, we used t-test to investigate whether these interpolation methods caused
any difference in terms of classification performance to discriminate polyps from the
colon background. We performed automatic classification of polyps and background

using random forest and k nearest neighbors (k-NN) approaches.

3.3 Method

In this study, we employed colonoscopy images coming from the “CVC-ClinicDB”
database prepared in the Hospital Clinic of Barcelona, Spain [5]. The images of this
database were acquired using white light conventional colonoscopy system. It is the
official database used in the training stages of MICCAI 2015 Sub-Challenge on
Automatic Polyp Detection Challenge in Colonoscopy Videos. The dataset includes 610
colonoscopic images which were obtained from 29 patients. Approximately 20-25 images
were obtained from different angles from each patient. Each image contains polyps in

different shapes, size, and numbers. In addition, ground truth images showing the location
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of the polyps were provided. Sample polyp and ground truth images are given in Figure
3.3.1[5].

Figure 3.3.1. Three different polyps and their ground truth counterparts from
CVC-Clinic DB database [5].

The size of the images used in this study was 288x384 (Figure 3.3.2). Because, the images
include black parts on the edges that do not contain any information, we selected a
rectangle from the initial images to result in 224x192 images (Figure 3.3.3) to be used in
the subsequent phases of our study. First of all, we have converted these images into gray
scale. For analysis and labeling purposes, we, then, divided each image into 32x32
squares which we referred to as “tiles.” We obtained a total of 42 tiles from each image
(Figure 3.3.4). In the final phase of this study, which we discussed later in this thesis, we
automatically classified/discriminated healthy and polyp tissues. In that phase, we only
needed tiles that contained pure heathy and pure polyp tissues. However, as shown in
Figure 3.3.4, several tiles included both healthy and polyp tissues, such as tiles numbered
as 10, 19, and 23. If tiles were pure healthy, i.e., there were no pixels corresponding to
polyps or specular reflections, these tiles were labeled as healthy. For tiles with specular
reflections reader should refer to Figure 3.3.5. It shows that there are spots that correspond
to the specular reflection on some of the tiles like tile 21 and 27. Likewise, if a tile was
labeled as pure polyp, that means there were no pixels corresponding to specular
reflections or healthy tissues. For the determination of polyp tissue, we used ground truth

images and logic operations, and for the specular reflections, we used a simple
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thresholding approach. As a result of this process, we obtained a total of 15674 tiles from

610 images. The number of tiles that were labeled as pure polyp and pure healthy was

1426 and 14248, respectively.

Figure 3.3.2 Original image

Figure 3.3.3 Cropped image.

Figure 3.3.4 Ground truth tiles.

Figure 3.3.5 Tiles with reflection.
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In order to investigate the effect of specular reflections on polyp detection we added real
reflections on tiles labeled as pure polyp and pure healthy. Real reflections are added to
answer effect of different size of reflection. In order to investigate the effect of real
reflections, we mean that we selected four different sized “actual reflections” from tiles
that contained specular reflections (which were not pure tiles). Figure 3.3.6 shows four
real reflections we used in our subsequent analysis which corresponded to the reflections
covering 2%, 10%, 20%, and 30% of the tiles. For example, 2 and 10 percent reflections
mean that out of 1024 pixels (32x32 pixels in one tile) approximately 20 and 100 pixels,
respectively, were replaced with pixels containing specular reflection.

Figure 3.3.6 Four different size “real” reflections added on the tiles corresponding to the
reflections covering 2%, 10%, 20%, and 30% of the pixels in each tile (32x32 pixels).

In this study, we tested the effect of different image interpolation approaches on texture
features which were used in the automatic classification of polyps. The image
interpolation refers to interpolating (by fitting a function) pixel values corresponding to
specular reflections using the pixel values without reflection. The concept we are

referring here is also called inpainting.

In this part, we applied two-dimensional (2D) nearest neighbor, bilinear, and bicubic
interpolation approaches on healthy and polyp tiles (a total of 15674 tiles) on which
specular reflections were previously added as explained above. We used a built-in
function called ‘fillmissing’ in MATLAB for image interpolation. We were able to
choose and apply each interpolation methodology separately using this function. In
several different studies [82,83,84,85] researchers reported results from various
interpolation approaches to remove specular reflection from endoscopic images. In the
nearest neighbor interpolation, the empty spaces will be filled in with the nearest
neighboring pixel value. In the bilinear interpolation, the main idea is to perform linear

interpolation first in one direction, and then in the other direction. Although each step is
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linear in the sampled values and in the position, the interpolation as a whole is quadratic
in the sample location [86]. The bicubic interpolation is a method that uses four
neighboring pixels to fill the missing part of the image. For each of the neighboring four
data points, we need to know its intensity value, its partial derivatives along both axes,
and its cross-derivatives [87]. In this study, we have not used interpolation to fill missing

values but to update pixels with reflections.

Image texture is one of the most important characteristics used to describe region of
interest in an image. They are the measures of intensity variations of a surface that
determine properties such as smoothness, roughness, and regularity. Texture based
feature extraction methods are categorized into first order and second order techniques.
First order statistics does not use neighborhood relationships, but second order statistics
use neighborhood relationships.

After preprocessing, addition of specular reflections and interpolation of images with
reflections, the next step was to extract image texture features. Actually, we have
extracted features from the tiles with no specular reflections and from the same tiles but
reflection added. By this way we wanted to investigate the effect of interpolation on the
tiles with specular reflections in terms of texture features and the discrimination of
healthy tiles and tiles with polyps using the extracted features. A total of 116 texture
features were extracted using the approaches above for each tile with no reflections, 2%,
10%, 20% and 30% reflections added and interpolated. Totally, 116 features which are
obtained by GLCM, GLRLM, NGTDM were used for texture analysis.

t= —Xlz_ X, . (45)
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In order to investigate the effect of image interpolation on texture features, we performed
a t-test using SPSS after performing a W-test for normality check. The statistical
significance level (p) was set to 0.05. The aim of this step was to detect any significant
differences between texture features obtained from reflection free healthy tiles and texture
features obtained from reflection added and interpolated healthy tiles. This analysis was

performed four times. Firstly, we started statistical analysis by comparing reflection free
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healthy tiles and 2% reflection added and interpolated healthy tiles. Next, this step was
repeated for reflection with different sizes (10, 20 and 30% of the tile was covered with
reflection). The same procedure was applied for tiles with polyps. This analysis was
useful to determine robust features which were affected minimally from the image

interpolation approaches we have implemented in this study.

In the final phase of this study, we have tested two different classification methods to
automatically discriminate the healthy tiles from the tiles with polyp using texture
features. To remind again we had a total of 15674 tiles from 610 images. The number of
tiles that were labeled as polyp and healthy was 1426 and 14248, respectively.

The classification methods used here were k nearest neighbors (k-NN) and random forest.
The aim of this part was to investigate the effect of interpolation on the texture based
classification process. For this purpose, we used both reflection free tiles and reflection
added and interpolated tiles. First, using the WEKA software the random forest and k-
NN classification methods were applied to discriminate healthy tiles with no reflection
from tiles with polyp with no reflection. The number of trees for the random forest
approach was 100 and k value was set to 1 for k-NN classification. Later, we continued
with the classification of reflection free healthy tiles and 2, 10, 20 and 30% specular
reflection plus interpolation on polyp tiles. The same procedure was followed to perform
classification between reflection free polyp tiles and 2, 10, 20, and 30% specular
reflections plus interpolation on healthy tiles. We performed a 10-fold cross-validation

for reducing the bias.

In the performance analysis of classification methods, we used overall accuracy and f-
measure. f-measure is selected as the performance metric, because it is useful for class-
imbalance problems like this one. The definitions of metrics known as precision, recall,
and F-measure are given below in Eqgs. 46-48. Precision and recall are measures for
correctness and completeness, respectively. The f-measure takes the precision and the
recall into account when computing the score. It can be interpreted as a harmonic mean

of precision and recall.
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Precision = TP1FF (46)
Recall = g (47)
f —measure = T 2 i (48)
prec:’s:’un+ recall
3.4 Results

As mentioned above, the t-test was used to investigate the effect of interpolation on
texture features. For this purpose, features obtained from reflection free polyp tiles and
interpolated polyp tiles that included different size reflections were statistically
compared. This process was carried out for bilinear, nearest neighbor, and bicubic
interpolation techniques separately. In addition, the same procedure was followed for
heathy tiles. When the t-test was applied on reflection free (healthy and polyp) tiles and
tiles that were interpolated after 2% specular reflection was added, we observed that the
number of features affected significantly (p<0.05) was between 0 to 8 out of 116 features
for all interpolation techniques. In addition, the number of features affected significantly
by interpolation was between 15 and 86 (12-70% of all features) for 10% reflection added
and interpolated tiles. As expected, the number of features that was affected by
interpolation increased when the size of reflection increased. Table 3.4.1 depicts the
results of this part. In summary, if an image includes 2% specular reflection, any
interpolation technique can be effective to eliminate reflection without changing texture
features significantly. However, if the reflection percentage is over 10%, using
interpolation can cause deformation on texture structure. We should note that there were
4 features which were same for both polyps and healthy tiles, which did not change
significantly from added reflection and interpolation. Three of these robust features came
from the gray level co-occurrence matrix as autocorrelation, sum of squares (variance),

sum of average, and energy features obtained using the first order method.

The results of the second part of this study were summarized in Table 3.4.2. The f-

measure values were computed and given for the comparison of interpolation methods
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and classification approaches to automatically discriminate tiles with polyps from the
healthy background tiles with and without specular reflection of different sizes. For both
classification approaches f-measure values were higher for bicubic interpolation when
compared to other two methods. As the percentage of the specular reflection increased,
f-measure values increased except for two cases (bicubic interpolation increasing from
20 to 30% reflection). Random forest was found to be performing better than k-NN in all
cases. Table 3.4.3 shows the accuracy of the best f-measure results for bilinear, nearest
neighbor and bicubic interpolation methods and random forest and k-NN classification
approaches. The accuracy levels were approximately 90% for the discrimination of polyp
tiles from the healthy tiles without any specular reflection. The accuracies went up to
~99% as we increased the reflection percentages for both classification approaches.

Table 3.4.3 shows the accuracy of the best f-measure results for bilinear, nearest neighbor
and bicubic interpolation methods and random forest and k-NN classification approaches.
The accuracy levels were approximately 90% for the discrimination of polyp tiles from
the healthy tiles without any specular reflection. The accuracies went up to ~99% as we

increased the reflection percentages for both classification approaches.
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Table 3.4.1 Summary of t-test results for the comparison of features obtained from

reflection free tiles and interpolated tiles that included different size reflections.

Reflection Free Tiles

Tiles with Specular

Reflection plus

Number of Significantly
Different Features (p<0.05)

Interpolation Bilinear NN Bicubic
Reflection Free Polyp | Polyp 2% reflection 0 0 1
Reflection Free Polyp | Polyp 10% reflection 15 21 82
Reflection Free Polyp | Polyp 20% reflection 29 28 83
Reflection Free Polyp | Polyp 30% reflection 30 66 82
Reflection Free ]
Healthy 2% reflection 4 6 8
Healthy
Reflection Free Healthy 10%
: 31 30 86
Healthy reflection
Reflection Free Healthy 20%
) 44 64 95
Healthy reflection
Reflection Free Healthy 30%
) 51 79 93
Healthy reflection
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Table 3.4.2 Summary of f-measure values for the comparison of interpolation methods

and classification approaches to automatically discriminate tiles with polyps from the

healthy background tiles with and without specular reflection of different sizes.

Reflection | Reflection Random Forest k-NN

Added on | Added on T Moasure

Healthy Polyp

Tiles (%) Tiles (%) BL NN BC BL NN BC
0 0 0.376 | 0.376 | 0.376 | 0.389 | 0.360 | 0.360
0 2 0.376 | 0.383 | 0.384 | 0.352 | 0.357 | 0.352
0 10 0.376 | 0.391 | 0.835 | 0.358 | 0.374 | 0.734
0 20 0.406 | 0.474 | 0.956 | 0.407 | 0.420 | 0.931
0 30 0.450 | 0.675 | 0.872 | 0.420 | 0.576 | 0.786
2 0 0.389 | 0.390 | 0.379 | 0.370 | 0.366 | 0.365
10 0 0.411 0.429 0.829 0.377 | 0.389 | 0.731
20 0 0.490 0.571 0.942 0.427 | 0.464 | 0.893
30 0 0.585 0.758 0.864 0.478 | 0.612 | 0.736
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Table 3.4.3. Accuracy of the best f-measure results for bilinear, nearest neighbor, and
bicubic interpolation methods.

Reflection Reflection Overall Accuracy %
Interpolation Added on Added on
Types Healthy Tiles Polyp Tiles Random k-NN
(%) (%) Forest

No Interpolation 0 0 92.56 87.88
0 30 93.02 88.82

Bilinear
30 0 94.21 90.67
Nearest 0 30 95.13 92.13
Neighbor 30 0 96.24 93.36
0 20 99.21 98.75

Bicubic
20 0 98.94 98.05
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Chapter 4

4 Study-2

4,1 Comparison of Transfer Learning and
Conventional Machine Learning Methods for
Non-informative Frame Elimination from

Colonoscopic Images

Detection of colon abnormalities is one of the most challenging tasks for
gastroenterologists. Colonoscopy is the most common method to record videos and
frames from colon to monitor any abnormality. However, the frames or videos obtained
during the procedure are exposed to significant amount of unwanted artifacts such as
motion artifact due to the fast movement of the colonoscopy probe or the capsule,
specular reflection due to the light source used at the probe or in the capsule, improper
contrast levels due to insufficient or excessive illumination inside the colon, gastric juice
and bubbles, or residuals. Disease detection process should be conducted using clear
frames, which are called informative. The main aim of this study was to investigate the
effectiveness of conventional machine learning and transfer learning methodologies in

detecting non-informative colonoscopy frames automatically.
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4.2 Literature review

Automatic frame elimination technique is needed for both CC and WCE. In the literature,
there are many studies focusing on non-informative frame elimination in which
researchers have investigated different types of non-informative frames and feature
extraction methodologies. For example, Ballesteros et al. proposed a method based on
edge detection to separate informative images from non-informative images. Even though
the implementation of this approach was simple, threshold determination was subjective
and not adaptive [88]. A similar study was carried out by Oh et al. using Canny edge
detection and thresholding [89]. In another study by Oh et al., they studied the separation
of in-focus and out-of-focus frames [90]. Sun et al. suggested a method to remove non-
informative frames, which included gastric juice and bubbles, from WCE videos. The
local histogram, local binary pattern (LBP), and discrete cosine transform (DCT) were
the feature extraction approaches used in that study [91]. Another study conducted by van
Dongen et al. aimed at automatic detection of informative frames for early detection of
oesophageal cancer. They used the color histogram, and the DCT coefficients as the
features to be employed in the classification [92]. Tajbakhsh et al. divided the images into
tiles and obtained two-dimensional (2D) DCT dominant coefficients from each tile. Later,
they reconstructed the image and used a difference map in order to detect if that frame
was non-informative or not. According to this study, non-informative frames included
bubbles, blurring due to motion, and reflection artifacts [93]. Tong et al. supposed that
Harr wavelet transform was an efficient method to detect a blurry image, and even to
quantify the blurriness level of the image [94]. Arnold et al. conducted a similar study
by using the discrete wavelet transform (DWT) coefficients as features obtained from the
colonoscopy videos. They considered only the luminance channel of the image [95]. An
et al. proposed a method to detect out-of-focus frames using discrete Fourier transform
and texture analysis [96]. Cho et al. suggested using non-informative frame elimination
to identify bleeding, polypectomy, residue or stool on the colonoscopy videos [97].

The focus measure operators (FMOSs) include a set of feature extraction methods that
were grouped into six categories/families. These categories are the gradient operator,
Laplacian, DWT, DCT, image statistics, and a category that included the miscellaneous

feature extraction methods. Using FMOs one can compute the focus level of an image for
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every pixel. FMOs have been proposed for measuring the image quality [98] or sharpness
of an image [99]. In addition, they were employed on the microscopic images [100]-[96].
In this particular problem, wavelet transform, [88]-[89], and discrete cosine transform
based [92]-[93] features were used in previous studies.

In this study, we proposed using an individual methodology or combination of
methodologies to extract features from the colonoscopy images to determine the non-
informative frames with different artifact types, such as the motion artifact, specular
reflection, improper contrast levels, gastric juice and bubbles, and residuals. Based on our
knowledge, FMOs as a complete set, and texture analysis approaches like GLRLM, and
NGTDM have never been used to eliminate non-informative colonoscopy frames. In
addition to this, our database included six different artifact types as opposed to one or two
types of artifacts used in several previous studies. However, increasing the number of
features would cause increased computation time which would hamper the applicability
of this system in real-time. The best f-measure and accuracy values were obtained using
FMOs, that is why we also studied the performance and computation time of each FMO

family separately.

In recent years, different image processing problems have been solved by using deep
learning (DL) approaches, which requires large datasets. Convolutional neural networks
are among the most popular DL approach in this area. However, for a specific problem
in medical field, accessibility to huge amount of data is not always possible. Transfer
learning has been developed to solve this kind of a problem [101]. In addition to feature
extraction and classification applications, deep learning (DL) is a relatively new
technique that is used to detect non-informative frames. In a recent study, Yao et al.
worked on non-informative frames only with blur and reflection artifacts and used GLCM
and convolutional neural networks (CNN) for the feature extraction and classification.
Their database included 12,830 informative and 3,829 non-informative frames [102]. In
another study, Islam et al. employed transfer learning approaches such as AlexNet,
GoogleNet, ResNet and SimpleNet. In their study non-informative frame set included
images with artifacts like blur, water and bubble [103]. Putten et al. preferred using
ResNet and Hidden Markov Model in their study, and their database included a total of
3883 frames [104]. In these studies, there was no comparison between conventional

machine learning and transfer learning approaches, and the artifact types were limited.
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In our study we used AlexNet, SqueezeNet, GoogleNet, ShuffleNet, ResNet50,
ResNet18, NasNetMobile, and MobileNet architectures to identify non-informative
frames. All the architectures used in our study are pretrained using ImageNet dataset.
These architectures were trained with over than one million images. We used the pre-
trained network to train the system with our own dataset in MATLAB. All of the
pretrained models have different number of layers, thus number of convolution layers,
fully connected layers, pooling layers and parameters varies from model to model [105].
Information about used architectures in our study given table 4.2.1.

Table 4.2.1. The depth, number of parameters and input size of image for different type

of transfer learning models.

Network Depth Para-m-eters Image-
(Million) Input Size
AlexNet 8 60 227
GoogLeNet 22 7 224
ResNet18 18 11,7 224
ResNet50 50 25.6 224
ShuffleNet 50 5 224
SqueezeNet 18 1.2 227
NasNetMobile 913 5 224
MobileNet 53 4.2 224

We tested the use of mentioned architectures as the transfer learning methodologies on
the same database in order to compare these approaches. A comprehensive study like ours
has not been published until now in this context. Elimination of non-informative frames

using the methods mentioned above is the first step in our long-term goal to detect colon
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diseases automatically which requires working on clear images. Automatic detection of
non-informative frames requires the training, validation and test processes that include
the labelled images to be used in the classification. In this study, we propose using both,
as an individual category or in combination of categories, to extract features from the
images to determine the non-informative frames with different artifact types, such as the
motion artifact, specular reflection, improper contrast levels, gastric juice and bubbles,
and residuals.

4.3 Method

In this study, conventional colonoscopy videos that are publicly available in
https://www.gastrointestinalatlas.com/index.html were used. A total of 11,491 frames

were extracted from 43 videos. The videos included the images from both healthy and
diseased colons. Thus, our database consisted of images with colons that were healthy or
had ulcerative colitis, Crohn’s, cancer, or polyps. In the first phase of the study, we only
focused on the differentiation of the images in terms of informativeness and did not care
about whether they were coming from a healthy or a diseased colon. In this study, we
divided our database into training, validation and test sets, and the number of patients
were 37, 3, 3 respectively. The number of frames for training, validation and test sets
were 10,113, 714 and 664 respectively.

Ten-fold cross validation and hyperparameter optimization were used. While 5,064
images were manually labelled as “non-informative” due to the motion artifact, specular
reflection, improper contrast levels, gastric juice and bubbles, and residuals, 5,049 images
were labelled as “informative” for training set. We note that our database was split using
stratified sampling. Figure 4.3.1 shows four images as examples of informative and non-
informative frames from our image database. Sizes of the images extracted from the
videos were different. In order to perform a reliable comparison, we automatically

cropped all images to adjust the new size to become 176-by156 pixels. This process also
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eliminated the black region that included the date and the patient name from the

colonoscopy images.

a) Clear b) Bubbles c) Specular Reflection d) Motion-artifact
Figure 4.3.1. Four images as examples of informative and non-informative frames from

our image database [106].

In order to enhance the contrast in the images, we employed adaptive histogram
equalization (AdaptHistEq) approach [107] which is different from the regular histogram
equalization approach. In this method histogram equalization was applied on small tiles
(8-by-8 pixel squares), not on the whole image. This approach outperformed the regular
histogram equalization because it had contrast-width limit that led to the prevention of
the noise amplification (see Figure 4.3.2 for sample results) and made frames more
visible. After the pre-processing step was completed, the features were extracted from the

images using the texture features described below.

(a) (b) (c)

Figure 4.3.2. (a) Original frame, (b) Gray-scale, (c) Adaptive histogram equalization
output [106].
In this study, in order to perform feature extraction, we used four popular second order
texture analysis approaches called gray level co-occurrence matrix (GLCM), gray level

run length matrix (GLRLM), neighborhood gray tone difference matrix (NGTDM), focus
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measure operators (FMOs) and three first order statistics, such as kurtosis, standard
deviation, and skewness to determine the non-informative frames with different artifact
types, such as the motion artifact, specular reflection, improper contrast levels, gastric
juice and bubbles, and residuals.

Automatic classification of frames from a video as informative and non-informative used
features extracted from the frames employing different methodologies explained above.
The min-max normalization was applied to the extracted features, i.e., the maximum and
minimum values were equalized to 1 and 0, respectively. In the classification phase,
different types of classifiers were employed such as the random forest, support vector
machines and decision tree approaches. However, we decided to use the decision tree
classifier because it was relatively faster than the other classifiers without compromising
the accuracy. In addition, decision tree classification has many advantages such as being
comprehensive and user-friendly and having high specificity [108]. It is also a preferred
technique for image classification, pattern recognition and character recognition [109].
Decision tree is a classification method that creates a model in the form of a tree structure
consisting of decision nodes and leaf nodes according to the classification, feature and
target. The decision tree algorithm is developed by dividing the data set into smaller and
even smaller pieces. A decision node can contain one or more branches. The first node is
called a root node. A decision tree can consist of both categorical and numerical data
[101]. Inthis study, we included all 143 features to train and test the system, then focused
on FMOs and studied the performances of different feature families listed under FMOs

using decision tree classification approach.

4.4 Results

The main goal of this study was to compare the performances of conventional machine
learning and transfer learning-based classification approaches for informative and non-
informative frame discrimination. In that context, machine learning based approach was
investigated using different number of features using different subcategories of feature

extraction methodologies. The performances of machine learning based classification are
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shown in Table 4.4.1 for each type of feature extraction method. As shown in Table 4.4.1,
when we compared GLCM, GLRLM, NGTDM, FMOs and image statistics-based feature
extraction approaches, the highest accuracy and f-measure values were obtained using
FMOs, ~89% and 0.79 respectively. The accuracy and f-measure values obtained using
the combination of all features were not as high as when only FMQOs, as a complete set,
were employed. In addition, we examined the classification performances based on the
feature families of FMOs such as the DCT, gradient, Laplacian, wavelet, miscellaneous,
and image statistics using decision tree classifier (Table 4.4.2). The classification process
using miscellaneous (MISC), only 8 features, and DCT based features (only 2 features)
yielded accuracies of 79 and 83% respectively, which were not significantly worse than
the accuracies obtained with all FMOs features. The other feature families did not yield
promising results when they were tested individually. Table 4.4.3 shows transfer learning

results of informative and non-informative frame discrimination.

In this study, feasibility of 8 transfer learning methods have been investigated. These
methods were trained with different type and number of images after that we used this
model for our database. In the first step, we initialized this model using training set and
after that we used validation and test set. The names of models we preferred are AlexNet,
SqueezeNet, GoogLeNet, Shuffle, ResNet50, ResNet18, NasNetMobile, and MobileNet.
When Table 4.4.3 is considered the best performance metric results belong to AlexNet
and the lowest performance metric results belong to MobileNet. However, even the
lowest performance obtained using a transfer learning method is higher than the best
result of conventional machine learning approaches. When other transfer learning results
are examined, it is seen that the accuracy values vary between 90 and 99%. Table 4.4.4
depicts the performance comparison of conventional machine learning and transfer
learning (AlexNet and fully connected layer) indicating that we obtained better results
using transfer learning with respect to almost all performance metrics. Although the
highest accuracy level was 88% in machine learning part, the transfer learning accuracy
was 99%. We also observed that the computational cost was more advantageous in

transfer learning than the fastest machine learning based classification approach.
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Table 4.4.1 Machine learning results of 5 different texture features using decision tree

algorithm.
Extracted
# of ..
Feature Accuracy | f-measure Precision Recall
Features
Type
GLCM 100 0.8509 0.6551 0.7231 0.8987
NGTDM 5 0.7410 0.6126 0.4739 0.8662
GLRLM 7 0.6491 0.4466 0.3561 0.5987
FMOs 28 0.8886 0.7874 0.7173 0.8726
Statistics 3 0.6220 0.4990 0.3634 0.7962
Combination
143 0.8419 0.7042 0.6313 0.7962
of 5 features

Table 4.4.2 Machine learning results of FMO subcategories using decision tree

algorithm.
FMO feature # of Accuracy | f-measure Precision Recall
type features

Gradient-based 6 0.7575 0.5903 0.4915 0.7389
Laplacian-based 4 0.5858 0.5201 0.3582 0.9490
Wavelet-based 3 0.6084 0.4758 0.3481 0.7516
Statistics 5 0.7425 0.5799 0.4720 0.7516
DCT-based 2 0.8358 0.7212 0.6326 0.8981
Miscellaneous 8 0.7963 0.6800 0.6120 0.7650
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Table 4.4.3 Transfer learning results of informative and non-informative discrimination.

Table 4.4.4. The best results of both machine learning (ML) and transfer learning (TL)

Transfer Learning Accuracy f-measure
Models

AlexNet 0.9985 0.9968
SqueezeNet 0.9880 0.9748
GoogLeNet 0.9849 0.9690
ShuffleNet 0.9639 0.9250
Resnet-18 0.9623 0.9191
NasNetMobile 0.9428 0.8774
Resnet-50 0.9367 0.8591
MobileNet 0.9051 0.8153

algorithm.
Comparison Methods | Accuracy | f-measure | Precision Recall
ML FMOs 0.8886 0.7874 0.7173 0.8726
TL AlexNet 0.9985 0.9968 1 0.9936

In this study, we investigated the answers to the following two questions: (1) Is it possible
to automatically discriminate informative frames from the non-informative ones
successfully using different texture features such as GLCM, GLRLM, NGDTM, FMOs,
and image statistics and typical classifiers? (2) Does transfer learning give better results
when compared to machine learning? According to our results, among the feature
extraction methods focus measure operators yielded the best performance. We found here
that the non-informative frame elimination was possible using FMOs. In order to perform
the elimination, we used 5 different feature extraction methods that included a total of
143 different features. We may argue that all subcategories of FMOs would be employed

to eliminate non-informative frames. When subcategories were analyzed separately, the
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miscellaneous family which have not been used in the literature so far gave the second-
best results for our dataset. These miscellaneous family included 8 features; absolute
central moment, Brenner’s measure, image contrast, image curvature, Hemli’s and
Scherer’s mean, steerable filters-based features, spatial frequency measure, and Vollath’s
autocorrelation. However, using transfer learning, specifically AlexNet, we obtained the

best performance when compared to machine learning.

This study, being a preliminary work for our future studies, paved a road for important
developments such as (1) the selection of informative frames automatically and
decreasing the computational time while doing this, (2) the automatic classification of
colon disease types using only the informative frames using transfer learning and (3) the
formation of a pipeline that will help us to label the frames of a video in a setting that is

close to the real time processing.
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Chapter 5

5 Study-3

5.1 Automatic Abnormality Detection on

Colonoscopic Images

Removing non-informative frames from a video or collection of images and proceeding
with informative ones is critical in the automatic detection of diseases. In order to detect
abnormalities in a colon automatically, we need to determine informative frames first.
The artefacts inherent in the colonoscopy videos are not only a serious problem for the
experts performing the procedure on site but also for a possible computer-aided diagnosis
system. This was the focus of the previous chapter. In the third study of this dissertation
work, the aim was to develop automatic colon abnormality detection. The abnormalities
we took into account included Crohn’s and ulcerative colitis (UC) diseases, colon cancer
and polyp. We have divided this study into two parts. The first part aimed at determining
whether any frame contained any of the diseases mentioned above (frame with one of the
colon diseases we mentioned above) or a healthy colon tissue (healthy frame) regardless
of the type of diseases. This was a binary classification problem. The goal of the second
part was to perform a multi-category classification in which any frame was discriminated

into one of the five classes as four types of diseases and healthy.
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5.2 Literature review

Automatic abnormality detection on colonoscopic images is an ongoing effort, and there
is no perfect solution yet. Currently, the experience of the gastroenterologist plays a huge
role in diagnosing diseases. However, we believe that computer-aided diagnosis (CAD)
systems would help them in stressful colonoscopy procedures. Time limitations and
fatigue may cause incorrect diagnosis or missing an existing disease. Such a CAD system
would inform the physician and lessen such unwanted outcomes. In the literature, one can
find several studies on colonoscopy images for automatic abnormality detection in which
the definition of abnormality varies. Polyps, inflammation, tumour, diverticulosis and
bleeding can be listed as some of the abnormalities that were studied so far. The majority
of previous studies have used conventional machine learning approaches. For example,
Charfi and Ansari proposed a method to discriminate normal and abnormal WCE frames
to detect polyp, inflammation and bleeding using local binary pattern (LBP) variance and
discrete wavelet transform [110]. In another study on colonoscopy images, frames with
polyp, tumour and blurriness were defined as abnormal [111]. They used fuzzy color and
texture histogram and color and edge directivity descriptor as two different feature
extraction methods, and preferred Inception-v3 transfer learning model. For automatic
detection of diseases Sindhu et al. conducted a study on WCE frames employing machine
learning methods. The gray level co-occurrence matrix (GLCM) and scale invariant
Fourier transform (SIFT) were used to extract features in this study, and polyp, tumour,
bleeding and Crohn’s disease were defined as abnormal [112]. Pogorelov et al. suggested
using fuzzy color and histogram texture method for real-time GPU-accelerated
implementation. The abnormal frames included polyp, ulcerative colitis (UC), Crohn’s,
diverticulosis and cancer [113]. Another study aimed at detecting WCE frames with
inflammation and polyp using only SIFT approach [114]. In the study by lakovidis et al.,
color features were investigated for the detection of WCE frames with polyp, bleeding
and ulcers [115]. In 2013, automatic classification was performed by combining GLCM,
LBP and color features. In this study, bleeding and lesions were assumed as abnormal
classes in the dataset [116]. Detecting abnormalities using texture features and neural
network was conducted by Karkanis et al. whose dataset included only healthy frames

and frames with polyps [117]. Almost two decades ago, Li et al. investigated a different
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approach in which patch-based classification using CIE-lab color texture feature to detect

frames with tumour, polyp, lipoma and inflammation was used [118].

In this dissertation work, our aim was to automatically detect the most common colon
abnormalities. We should note that non-informative frames will be eliminated during the
pre-processing stage, thus we selected and used the most appropriate/informative frames
in this part of the study.

5.3 Method

In this part of the dissertation work, our colonoscopic image database was constructed
with 2787 manually selected informative frames. The frames included both healthy colon
tissue and colon with different types of diseases. In the first phase of this study, we
focused on differentiation of frames with healthy and diseased colon (binary
classification), and in the second phase we investigated the detection of disease types.
The data set used in the first phase included 1512 frames with healthy colon and 1275
frames with four types of diseases. First, the frames in the healthy colon dataset was
divided into training, validation and test sets, which included 1203, 171 and 138 frames
respectively. Secondly, the dataset that included the frames with diseases was also divided
into training, validation and test sets, with 990, 135 and 150 frames respectively. Ten-
fold cross validation and hyperparameter optimization were performed. In addition to
this, we split our dataset into training, validation and test sets using stratified sampling
method. The ratio of samples in training, validation and test sets were 80, 10 and 10%, of
all dataset respectively. Therefore, total number of frames in the training, validation and
test sets were 2193, 306 and 288 respectively. Figure 5.3.1 depicts five images as
examples of frames with healthy and diseased colons from our image database. For the
second part of our study, which aimed at detecting individual disease types, again we
used stratified sampling preserving the ratios of disease types. Starting from a total of
1275 frames we divided our database into training, validation and test sets. The number
of frames allocated for training, validation and test sets were 990, 135 and 150

respectively. The number of frames for cancer, Crohn’s, polyp and UC were 375, 375,

67



154 and 371 respectively. Training, validation and test sets for disease-based dataset is

explained in table 5.3.1.

Table 5.3.1 Number of frames in the database which are coming from healthy and

diseased colons.

TRAINING | VALIDATION | TEST | TOTAL | TOTAL
m
E
A
L | HEALTHY 1203 171 138 1512 1512
-
H
Y
D| CANCER 313 31 31 375
|
S| CROHN’S 257 32 86 375
E 1275
A POLYP 120 13 21 154
S
E | ULCERATIVE 300 59 12 371
COLITIS
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Cancer Crohn’s

Figure 5.3.1 Sample images from our dataset showing diseased and healthy colons [106].

The aim of this study was to detect the presence of disease and disease types using both
conventional machine learning and transfer learning based algorithms. In that context,
machine learning based approaches were investigated using different number of features
from different subcategories of feature extraction methodologies. The feature extraction
methods we have employed were the same as the ones we have used in the previous
chapters, such as GLCM, GLRLM, NGTDM, FMOs and image statistics. A total of 143
features were obtained using these approaches. In addition to this, we deployed
conventional machine learning methods which are decision tree, SVM and k-NN. The
default number of split for decision tree was 15, sigma value for SVM was 1 and number
of neigborhood for k-NN classifier was 5. Apart from machine learning application, we
used the same transfer learning architectures as we have used in the previous chapter to

detect the presence of disease and to discriminate the disease types.
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5.4 Results

5.4.1 Binary (Healthy Frames vs. Frames with Disease) Classification

» The machine learning results are shown in table 5.4.1. Decision tree yielded the
highest accuracy and f-measure values for disease detection problem when
compared to SVM and k-NN classification models.

Table 5.4.1.1 Performance metrics of machine learning results for binary

classification.

Models Accuracy (%) | f-measure
Decision Tree 84.64 0.8792
SVM 71.24 0.7179
k-NN 63.73 0.6873

» The performance of transfer learning based methods is given below in table 5.4.2.
When accuracies were compared, the best performance was obtained using
SqueezeNet architecture. The accuracy and f-measure results were ~90% and
~0.92 respectively. In addition, AlexNet architecture yielded the second-best
result in terms of accuracy and f-measure metrics. The accuracy value was 86%

and f- measure was 0.86.
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Table 5.4.1.2 Performance metrics of transfer learning results of binary classification.

Models Accuracy (%) | f-measure

SqueezeNet 90.63 0.9153
AlexNet 85.76 0.8600
NasNetMobile 76.73 0.8109
MobileNet 76.38 0.7975
GoogleNet 76.38 0.8033
ResNet-18 79.51 0.8279
ShuffleNet 69.09 0.7342

» The above two tables show that the detection of disease presence can be
performed using transfer learning algorithms. When conventional machine
learning and transfer learning results are compared in terms of accuracy and f-
measure values, it is clear that SqueezeNet and AlexNet architectures yield better

results than the best performing machine learning method.

5.4.2 Multi-label Classification

> In the second part of the study, we investigated the performances of conventional
machine learning and transfer learning methodologies on a dataset that included
frames with healthy colon and frames with polyp, cancer, ulcerative colitis, and
Crohn’s disease. Table 5.4.3 shows the performance metrics of machine learning
algorithms; decision tree, SVM, and k-NN. While the highest value for accuracy
was obtained using decision tree classifier (69%), the highest f-measure was
obtained using SVM (0.88). Disease type detection was not as easy as disease
detection because in this part the most important problem was the number of
frames. The number of frames was limited in this part which led to inefficient

training and test phases.
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label classification.

METHODS Accuracy (%) f-measure
Decision Tree 69.28 0.630
SVM 68.63 0.880
k-NN 50.00 0.504

Table 5.4.2.1 Performance metrics of conventional machine learning results for multi-

» Transfer learning results of disease detection are given below in table 5.4.4.

According to these results, GoogLeNet gave the best accuracy with 80%. In

addition to this, AlexNet and ResNet-18 have the second-best performances.

Their accuracy values were very close to each other. In addition to accuracy

results, f-measure values had similar characteristics with the accuracy results.

» Other transfer learning approaches did not yield higher performances than the

machine learning methods did. However, implementation of machine learning

algorithms takes more time than the transfer learning applications.

Table 5.4.2.2 Performance metrics of transfer learning results of disease type detection.

Models Accuracy (%) f-measure
GoogLeNet 80.39 0.7308
AlexNet 78.76 0.7087
ResNet-18 78.10 0.7600
ResNet-50 69.93 0.7147
SqueezeNet 65.69 0.5393
ShuffleNet 61.44 0.7600
MobileNet 55.56 0.7122
NasNetMobile 46.88 0.3762
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Chapter 6

6 Conclusions and Future Prospects
6.1 Conclusions

In this thesis work, three different studies have been conducted. Even though these three
studies were different from each other, the main aim was to reduce experts’ workload and
to enable automatic detection of non-informative frames and frames with diseases. These

studies were conducted to create preliminary step for future real-time based studies.

In the first study, we tried to answer the following question: Does the interpolation of
specular reflections encountered in colonoscopic images affect the texture features to be
used in the automatic detection of polyps? First, we made comparisons between texture
features obtained from an image with no specular reflections and the same features
obtained with synthetically added reflections with various sizes plus the interpolation.
Secondly, we performed automatic classification between polyp and background colon
based on texture features obtained from the interpolated images. In the classification
phase, we did not use the image as a whole, rather 32x32 sub-images extracted from the

gray-scale colonoscopic images. We can summarize our key findings as follows:

The size of the specular reflection is an important factor. When the images include 2%
reflection, interpolation could be effective. At most 0.9% and 7% of the texture features
were affected significantly from the interpolation on subimages with polyps and
background, respectively. However, when the reflection size was greater than 10%, the
interpolation was not effective. It is worth noting that bicubic interpolation restored the

texture features the most.

In the classification of polyp and the background, the random forest approach performed

better than the k-NN algorithm. Using WEKA software, we obtained classification results
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and stated the f-measure and accuracy values. The overall accuracy level was more than
92% for all interpolation methods. The results showed that there was an improvement
when BC was used over other interpolation techniques for 10, 20, 30% reflection.

The previous work on this problem was limited to the interpolation (or removal) of
specular reflections on colonoscopic, endoscopic or other medical images. For
endoscopic images, Guo et al. suggested a method to eliminate specular reflection [83],
Stehle used spectral deconvolution algorithm to remove reflections [84], Arnold et al.
[85] and Karapetyan et al. [86] investigated different inpainting algorithms. In addition,
Tchoulack et al. proposed using a real-time inpainting algorithm to eliminate specular
reflections from endoscopic images [119]. Aydi et al. showed the use of interpolation
methods to remove reflections on iris images [120]. None of the abovementioned studies
focused on the effect of these methods on the texture features and accuracy of automatic

classification of polyp and the background.

In the second study, we investigated the answers to the following two questions: (1) Is it
possible to automatically discriminate informative frames from non-informative ones
successfully using different texture features such as GLCM, GLRLM, NGDTM, FMOs,
and image statistics and typical classifiers? (2) Does transfer learning give better results
when compared to machine learning? According to our results, among the feature
extraction methods FMOs (focus measure operators) yielded the best performance. We
found here that the non-informative frame elimination was possible using FMOs. In order
to perform the elimination, we used 5 different feature extraction methods that included
a total of 143 different features. We may argue that all subcategories of FMOs would be
employed to eliminate non-informative frames. When subcategories were analyzed
separately, the miscellaneous family which have not been used in the literature so far gave
the second-best results for our dataset. These miscellaneous family included 8 features;
absolute central moment, Brenner’s measure, image contrast, image curvature, Hemli’s
and Scherer’s mean, steerable filters-based features, spatial frequency measure, and
Vollath’s autocorrelation. However, using transfer learning, specifically AlexNet, we

obtained the best performance when compared to machine learning.

In numerous studies the researchers have focused on the elimination of non-informative

frames from videos. Non-informative frame elimination is a tough task not only for
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conventional colonoscopy videos but also for different types of endoscopic and wireless
capsule endoscopy videos. Fan et al. studied on WCE frames to select informative images
using lumen depth of lumen perception and motility assessment [121]. In another study,
WCE images were segmented according to having bubbles and turbid, or being clear
using color and texture features [122]. During the bronchoscopy process detecting non-
informative frames was the focus of another study in which images with reflection, loss
of focus, impurity and motion blur were included. They employed zero cross edge
detection, color transformation (HSV), MPEG-7 edge and DCT spectrum [123].
Moreover, Rangseekajee and Phongsuphap suggested a method to classify thoracoscopic
images as informative or non-informative using edge-based techniques [124]. Another
study was conducted by Hwang et al. to discriminate non-informative images on
colonoscopy images using discrete Fourier transform and texture analysis (gray level co-
occurrence matrix) [125]. The methods that were and their results are shown in table
6.1.2. It is clear to see that in previous works the comparison of conventional machine
learning and transfer learning results were limited. However, our results were obtained
using not only one texture feature family or transfer learning method. Our transfer
learning results for non-informative frame elimination were promising and the
performances were higher than the previous works. In addition to these outputs, our non-
informative database included 6 different type of artifacts that are motion artifact,
specular reflection, improper contrast, gastric juice, bubbles and residuals not only two

or three types of artifacts.

Table 6.1.1 Results of previous works related with non-informative frames.

Reference o Results
# of Dataset Method Classification _
Number (P.metrics)
Fan et al. * Histogram 87.5
500 frames ... |® Mean Shift L
[121] e Mean Shift (Specificity)
) e RGB Color
Arivazhagan ) e Support Vector 85.2
50 videos e Surf )
et al. [122] Machine (Accuracy)
Feature
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Edge

93 (Accuracy)

Detection
HSV 89 (Accuracy)
Analysis
Grega et al.
768 frames MPEG- Neural Network
[123] 93 (Accuracy)
7edge
Histogram
DCT
90 (Accuracy)
Spectrum
Ranksekajee Isolated _ 95.1
387 frames _ Thresholding
etal. [124] Pixel Value (Accuracy)
An et al. DFT k-Mean 98.1
5,971 frames _
[125] GLCM Clustering (Accuracy)
Oh et al. Edge )
323,000 frames _ Thresholding 0.96 (Recall)
[89] Detection
Tong et al. Haar _ 98.6
2,355 frames Thresholding
[38] Wavelet (Accuracy)
Ohetal. Edge k-Mean
923 frames _ _ 95 (Accuracy)
[90] Detection Clustering
Arnold et al. 2D Dwt _ 92.3
15,000 frames Bayesian
[95] (Accuracy)
Sun et al. LBP 99.3
180,000 frames k-NN
[40] DCT (Accuracy)
Dongen et DCT _
2,172 frames Regression Tree | 97 (Accuracy)
al. [92] Color
Edge
Ballesteros ] Support vector
2,000 frames Detection _ 95 (Accuracy)
et al. [88] Machine
Threshold
Yao et al. CNN Convolutional 0.77
16,659 frames
[102] GLCM Neural Network (f-measure)
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e AlexNet
Islametal. | 6,805 frames | ® GooglLeNet | o Convolutional 0.94 (f-
[103] o ResNet Neural Network measure)
e SimpleNet
e ResNet _
Putten et al. e Convolutional 0.91 (f-
3,883 frames | ¢« HMM
[104] Neural Network measure)

In the third study, we investigated the answers to the following questions: (1) Is it possible
to detect abnormalities automatically from informative frames using both machine
learning and transfer learning method? (2) Is it possible to detect disease types using
machine learning and transfer learning? (3) Does transfer learning give better results
when compared to the machine learning? In this study, for machine learning part we did
not obtain results according to feature extraction types because the main aim of this study
was to compare transfer learning and conventional machine learning results. In machine
learning part, we used 143 different features which are GLCM, GLRLM, NGTDM,
FMOs and statistics. In the transfer learning part, we used 9 different methods which are
AlexNet, GoogleNet, ResNet18, ResNet50, SqueezeNet, ShuffleNet, MobileNet and
NasNet. While SqueezeNet and AlexNet gave the best two results for abnormality
detection, GoogleNet, Alexnet and ResNet-18 gave the best three results for abnormality
type detection. We understand from the fact that the performances were higher with
transfer learning than conventional machine learning methods for both abnormality and
abnormality type detection, transfer learning can be used more efficiently and

successfully.

Table 6.1.3 shows the previous studies related with abnormality detection in colonoscopy
or WCE images. According to this table, previous studies generally preferred to use
texture features or color features to detect abnormalities. Studies on transfer learning
algorithms to detect colon abnormalities are still limited. However, our last study has
been conducted using both conventional machine learning and transfer learning
algorithms. We preferred both using texture features and transfer learning models. We

used 7 different types of transfer learning models and 143 texture features in our study.
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Table 6.1.2 Results of previous works related with abnormality detection.

Reference # of o Results
Method Classification _
Number Dataset (P.metrics)
DWT Linear
Yoshida et 100 o 93
LBPV Discriminant
al. [75] frames ) (Accuracy)
Analysis
Fuzzy Color & Decision Tree
Texture Random Forest
Histogram k-NN
Pogorelov et 300 96
Color & Edge
al. [111] frames (Accuracy)
Directivity
Descriptor
Inception-v3
Sindhu etal. | 1,385 GLCM Multigger 97
[112] frames SIFT GGl N (Accuracy)
Gueve et al. 600 SIFT Support Vector 89
[114] frames Machines (Accuracy)
o Color Support Vector
lakovidis et 137 ] 0.89
HSV Machines
al. [115] frames (AUC)
YCbCr
Manivannan 2100 GLCM Support Vector 90
et al. ’ LBP Machines (Accuracy)
frames
[116] Color
) GLCM Artifical Neural 93
Karkanis et 100
Multilayer feed Network (Accuracy)
al. [117] frames
forward NN
Peng et al. 58 CIE-lab Support Vector 82
[118] frames Machines (Accuracy)
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6.2 Contribution to Global Sustainability

According to WHO statistics in 2018, colon cancer is the second most common type of
cancer among woman and the third in man. Other type of colon diseases also can turn
into colon cancer in the long term, thus, early diagnosis has a huge impact on saving
human life. According to UNDP sustainable development goals, our purpose meets fifth
goal which is related to health among all 17 goals. In this study, the main goal was to
reduce experts’ workload and misdiagnosis rate because colonoscopy procedure has
many disadvantages in terms of patients and experts. However, conventional colonoscopy
(CC) is still the most preferred technique because when compared to WCE and CT
colonoscopy, it is more user friendly than the other two methods. When CC procedure is
examined from the perspective of patients, it is painful and scary thus patients do not have
a colonoscopy unless they have to. In addition to this, when CC is examined in terms of
experts, it is clear to say that this method is expert-dependent. Expert-dependent
procedures are affected by the experience or fatigue of the experts, which can affect the
results. Also, colon has folded structure and this structure makes experts’ disease
detection harder. When these situations are considered, enhancing the disease detection
process in CC plays an important role. In this thesis work, we tried to make non-
informative frame elimination and disease detection automatically. This automatic
detection of non-informative frames and diseases will guide the experts. In the next step,
our studies will be transformed into a real-time system in which automatic elimination
and detection will be possible using a software to be embedded in colonoscopy devices
during the procedures in real time. During the operation, experts will get help from this
software and perform decisions more efficiently and accurately. Thus, misdiagnosis rate
will be reduced and non-informative frame elimination will gain some time for the

experts.
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6.3 Future Prospects

We can summarize our future prospects for the three studies performed in this thesis

work separately as follows:

» Future prospects of study 1:
Although we believe that our results are promising, we must acknowledge that
these findings need to be validated or augmented by future studies in which more
images are included in the database. One of the limitations of this study is that we
had to study with an unbalanced database. In this study, only 10% of the sub-
images (tiles) came from the polyps. In addition, the effect of interpolation in the
detection of polyps was investigated on the sub-images not the whole image. A
deep learning-based approach will be developed to compensate for the specular
reflections. Furthermore, a future study will tackle a real-time specular reflection
removal approach. We will also investigate the use of other feature extraction and

selection methods, and other classifiers such as SVM and ensemble techniques.

» Future prospects of study 2:
This study, being a preliminary work for our future studies, paved a road for
important developments such as (1) the selection of informative frames
automatically and decreasing the computational time while doing this, (2) the
automatic classification of colon disease types using only the informative frames
using transfer learning and (3) the formation of a pipeline that will help us to label
the frames of a video in a setting that is close to the real time processing. We
should note that informative and non-informative frame discrimination is still a
hot topic for endoscopic images. Our study proposed that non-informative image
elimination could be performed by focus measure operators on colonoscopic
images, and could be extended for use in other endoscopic image types. In
addition to this, our study claimed that our dataset split was stratified and the test
frames were never used in the training and validation phases. Although our results
were promising for conventional colonoscopy images, similar approaches could

be applied for WCE images.
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» Future prospects of study 3:

Abnormality detection in colonoscopic images is still a hot topic. In order to
perform abnormality detection automatically, the diversity of images in the
database should be increased. Obtaining huge amount of data for different types
of abnormalities is not as easy as obtaining non-informative frames because non-
informative frames are obtained frequently and depend on camera angle.
However, diseases should be obtained from different patients, in order to train the
system properly. After increasing the number of frames, a hyperparameter
optimization procedure can be applied and more reliable and better results can be
obtained for disease type detection. In addition to this, the number of diseases
diversity can be increased. Real-time application can be embedded into the
colonoscopy devices; this system will be useful guide for the experts. Thus, they
will be able to make reliable decisions on the disease types relatively more easily.

Figure 6.3.1. shows our future prospect of developing a pipeline of real-time
application of the methodologies developed during this thesis work. This pipeline
will be developed and tested on colonoscopy videos in collaboration with

gastroentereologists.
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Figure 6.3.1 Real-time processing pipeline of automatic disease detection on
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colonoscopy videos.
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