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Abstract
Gastric cancer, the second most lethal cancer in the World and that with the highest
mortality among digestive cancers in the Portuguese population, is one of the
biggest current concerns in medicine. Today, we observe an increasing investment in
the research of a cure to this fatal variant of cancer that causes the loss of thousands
of lives around the World.
An early diagnosis of this disease is a vital factor in patient recovery. Nowadays, the
medical community is very determined in searching methodologies for prevent the
delayed and advanced detection of this disease that can only give us a reserved
prognosis and, consequently, a reduce life expectancy. Allied with emergent
technologies in medicine, computer vision could have a critical role on premature
detection of this disease, helping doctors by providing them with another instrument
to support their diagnosis.
Focusing computer vision in medicine and in medical imaging processing, this work
consists of researching visual features, namely colour and texture features, of images
obtained from endoscopy procedures and understand their importance for a
computer-assisted medical diagnosis. The main goal is to research and develop an
algorithm using these visual features that would be classifies images in normal cases,
precancerous and cancerous lesions, which can lead to future assisted diagnosis
systems.
In the future, the implementation of a clinically validated computer-assisted
diagnosis system that automatically classifies images obtained from endoscopic
procedures, can provide the medical community with additional means for a correct
diagnosis, and can also lay the foundations for a computer system that can teach
newer and non-experienced medical doctors in gastroenterology.
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Resumo
O cancro gástrico, o segundo cancro mais letal em todo mundo e aquele com mais
elevada mortalidade entre os tumores digestivos em Portugal, é uma das principais
preocupações da medicina. Actualmente, são investidos milhões de euros em
investigação na procura de cura para esta terrível variante de cancro que mata
anualmente milhares de pessoas em todo mundo.
O diagnóstico prematuro deste tipo de doença é um factor vital para a recuperação
do doente. Presentemente, a comunidade médica procura meios para evitar uma
detecção tardia e avançada da doença que provoca, na maioria dos casos, um
prognóstico muito reservado e, consequentemente, uma esperança de vida muito
reduzida. A visão computacional acompanhada pela emergência das novas
tecnologias na área da medicina, pode ter um papel preponderante na detecção
prematura deste tipo doença, na medida em que podem auxiliar o trabalho do
médico, oferecendo mais um instrumento de apoio ao diagnóstico.
Focando na área de visão computacional apoiada à medicina, ao nível de
processamento de imagem médica, este trabalho consiste em investigar
características visuais, nomeadamente cor e textura, de imagens obtidas através de
um procedimento endoscópico e perceber a sua importância no diagnóstico. O
objectivo é desenvolver um algoritmo que permita obter descritores visuais de
imagens que se revelem determinantes na classificação destas imagens em casos
normais, lesões pré-cancerígenas e lesões cancerígenas.
No futuro, a implementação de um sistema clinicamente validado que classifique
imagens obtidas através de procedimentos endoscópicos, pode servir a comunidade
médica fornecendo mais um dado de apoio ao diagnóstico, e ainda a possibilidade
de ser criado um sistema de aprendizagem para novos médicos menos experientes
na especialidade de gastrenterologia.
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Chapter 1
1 Introduction
Cancer is a leading cause of death worldwide. From a total of 58 million deaths
worldwide in 2005, cancer accounts for 7.6 million (or 13%) of all deaths
[Wor08]. The main types of cancer leading to overall cancer mortality are
shown in Figure 1. Gastric (or stomach) cancer is the second most lethal cancer
in the World and that with highest mortality in the digestive tract among the
Portuguese population.

Figure 1: Mortality by cancer type

Every year approximately 1,000,000 new cases of gastric cancer are diagnosed
worldwide. Incidence is highest in Eastern Europe, Japan, South America and
parts of Middle East. This type of cancer occurs twice as often in men and it is
common in people over the age of 55. Changes in diet and food preparation
have led to a recent decrease in the incidence of cancer of the lower stomach
(distal gastric cancer). However, incidence of cancer of the upper stomach
(proximal gastric cancer) has increased, primarily as a result of the prevalence
of obesity and gastroesophageal reflux disease [Ame08].
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up of patients with lesions such as atrophy, intestinal metaplasia or
The follow-up
dysplasia may lead into gastric cancer early diagnosis. If a cancer is detected
early the prognosis is highly improved and the medical
edical community is aware
that we need to prevent the late diagnosis of cancer since this will probably
give the patient a very small life expectancy.

1.1 What is gastric cancer?
Stomach cancer, also called gastric cancer, is a cancer that starts in the
stomach.

Figure 2:: Digestive system diagram (in American Cancer Society [Ame08])

After food is chewed and swallowed, it enters the oesophagus, a tube that
carries food through the neck and chest to the stomach. The oesophagus joins
the stomach just beneath the diaphragm (the breathing
breathing muscle under the
lungs). The stomach is a sac-like
sac like organ that holds food and starts to digest it by
secreting gastric juice. The food and gastric juice are mixed and then emptied
into the first part of the small intestine called the duodenum.
Some peoplee use the word stomach to refer to the area of the body between
the chest and the pelvic area. The medical term for this area is the abdomen.
For instance, some people with pain in this area would
would say they have a
‘stomach ache’, when in fact the pain could
could be coming from the appendix,
small intestine, colon (large intestine), or other organs in the area. Doctors
would refer to this symptom as abdominal pain.
July 21, 2008
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This is important because the stomach is only one of the many organs in the
abdomen in which cancers may appear. Stomach cancer should not be
confused with cancers of the colon (large intestine), liver, pancreas, or small
intestine because these cancers may have different symptoms, a different
outlook, and different treatments.
The stomach has 5 regions (see Figure 3). The upper portion (closest to the
oesophagus) is called the cardia. Next to this is the fundus. Some cells in these
areas of the stomach make acid and pepsin (a digestive enzyme), the parts of
the gastric juice that help digest food. The lower portion (closest to the
intestine) includes the antrum, where the food is mixed with gastric juice, and
the pylorus, which acts as a valve to control emptying of the stomach contents
into the small intestine. The area between the proximal and distal stomach is
the body (corpus) of the stomach. The upper parts of the stomach (cardia,
fundus, and body) are sometimes called the proximal stomach, and the lower
two (antrum and pylorus) are called distal stomach.
Cancers starting in different sections of the stomach may cause different
symptoms and tend to have different outcomes. The location can also affect
treatment options.
The stomach has two curves, which form its upper and lower borders. They are
called the lesser curve and greater curve, respectively. Other organs next to
the stomach include the colon, liver, spleen, small intestine, and pancreas.
The stomach wall has several layers. It is important to know about these layers
because as a cancer grows deeper into them, the prognosis (outlook for
survival) is not as good. The innermost layer is the mucosa. This is where
stomach acid and digestive enzymes are made, and where most stomach
cancers start. Under this is a supporting layer called the submucosa. This is
surrounded by the muscularis, a layer of muscle that moves and mixes the
stomach contents. The outermost serosa acts as wrapping layers for the
stomach. [Enc07]
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Figure 3: Diagram
am of human stomach (in Encyclopaedia Britannica [Enc07])

Stomach cancers tend to develop slowly over many years. Before a true cancer
develops, pre-cancerous
cancerous changes often occur in the lining
lining of the stomach.
These early changes rarely cause symptoms and therefore often go
undetected.
Stomach cancers can spread, or metastasize, in different ways. They can grow
through the wall of the stomach and invade nearby organs. They can also
spread to the
he lymph vessels and lymph nodes. Lymph nodes are bean-sized
bean
structures near many body structures that help fight infections. The stomach
has a very rich network of lymph vessels and nodes. If cancer spreads to the
lymph nodes, the outlook for survival is not as good. When the stomach cancer
becomes more advanced, it can travel through the bloodstream and spread to
organs such as the liver, lungs, and bones.
There are several types of gastric cancer:
Adenocarcinoma: About 90% to 95% of cancerous (malignant) tumours of the
stomach are adenocarcinomas. The term stomach cancer, or gastric cancer,
almost always refers to adenocarcinoma. This cancer develops from the cells
that form the innermost lining of the stomach's mucosa.
The following other, less common tumours are also found in the stomach:
Lymphoma: These are cancers of the immune system tissue that are
sometimes found in the wall of the stomach. They account for about 4% of
stomach cancers. Prognosis and treatment depend on whether the lymphoma
is aggressive or is a slow-growing
growing MALT lymphoma.
Gastrointestinal stromal tumour (GIST): These are rare tumours that seem to
start in cells in the wall of the stomach called interstitial cells of Cajal. Some are
July 21, 2008
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non-cancerous (benign); others are cancerous. Although these tumours can be
found anywhere in the digestive tract, most (70%) occur in the stomach.
Carcinoid tumour: These are tumours that start in hormone-making cells of
the stomach. Most of these do not spread to other organs. About 3% of
stomach cancers are carcinoid tumours. [Ame08]

1.2 How can Medical Imaging benefit from computer assistance?
Medical imaging refers to techniques used to acquire images from the areas of
the human body that are not visible under normal conditions. It can be carried
out for clinical purposes (medical procedures aiming to detect, diagnose or
examine disease) or medical science (including the study of normal anatomy in
an attempt to understand processes in humans). Many medical image
techniques depend on computers, whose aim is to aid physicians in
understanding and interpreting the images.
Nowadays a time-price for an experienced clinician is really high and
furthermore it is impossible to have one everywhere is needed so, computer
vision is rapidly evolving in this area. For numerous procedures doctors
intuitively use visual features (colour and texture) to diagnose several diseases.
The medical community is aware that computer-assisted diagnosis will help
and support a medical diagnosis preventing some errors and improving the
health quality of their patients. Additionally, there are cases where there aren’t
clinical specialists in the area (e.g. regions in Africa) so computer systems could
provide a diagnosis that doctors could support on. Finally, these systems could
also teach new non-experienced medical doctors, in several areas of medicine.

1.3 What is the main goal of this work?
The follow-up of patients with lesions such as atrophy, intestinal metaplasia or
dysplasia may lead into gastric cancer early diagnosis. If a cancer is early
detected the prognosis is highly improved. In a previously clinically validated
model, both the type of lesion (namely intestinal metaplasia) and its extension
in gastric mucosa seem to adequately predict neoplasia occurrence. The
diagnosis of these lesions relies on the histological examination of multiple
biopsies performed using conventional endoscopy. This shows neither a
reasonable inter-observer agreement nor a good correlation with histology. As
a way to circumvent this problem, Dinis-Ribeiro et al. [Din04] showed that a
more effective diagnosis was possible using a magnification endoscope with a
vital staining (methylene blue). Dinis-Ribeiro [Din04] developed an original
classification for gastric mucosa. Images were divided into three groups based
on their colour and texture features, which were proven to be robust in intra5
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observer and inter-observer evaluation. However, division into sub-groups
wielded poorer results. Other authors, worldwide, also published their own
classification with good results both in terms of reproducibility and validity.
This gives us the opportunity to hypothesize that automation can prove
successful in this specific scenario. Such a tool could be used both as computer
assisted medical diagnostic tool and as support for teaching systems.

1.4 Previous work
Literature shows us some examples of other attempts in researching and
developing computer assisted medical analysis tools for gastroenterology.
Focusing in endoscopy image analysis, Majewski and Jedruch [Maj05] suggest a
computer-based system as a way to classifying malignant versus benign
tumours in the oesophagus (gullet). The classification proposal uses features
based on the structure of edges and colour. The authors employ kernel based
learning algorithms (SVM and LS-SVM) to perform the actual classification. The
classification scheme works as follows:
•
•
•

The clinician identifies a relevant frame and marks a circular Region of
Interest (ROI) surrounding the suspicious tissue.
The features are extracted only from the ROI (e.g. the pixels outside the
circular ROI are ignored).
The classification is performed on extracted features, which in turn
returns the prediction about the tissue malignancy.

The authors point out that the classification based on the whole images did not
produce the successful results. The most obvious remark about this method is
that it requires high level of interaction from the clinician, who needs not only
to watch the entire video, but also to identify a suspicious frame and then a
suspicious region of interest within that frame.
Huang et al. [Hua04] propose a computer-assisted system aimed at detecting
Helicobacter pylori infection and related inflammations in endoscopy images.
In order to make an automated diagnosis, three images from different regions
of the stomach (antrum, body and cardia) are acquired, from which the small
sub-images of plain tissue are segmented. This is followed by colour and
texture feature extraction. The colour features include maximum, average and
extension (distribution extent) values of Red, Green, Blue and Grey-scale
histograms (3×4 = 12 features in total). The texture features are extracted
using the spatial grey level co-occurrence matrix (SGLCM) and include contrast,
entropy and energy of each of the four previously mentioned channels.

July 21, 2008
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These features were associated with the histological parameters (AIS - acute
inflammation score, CIS - chronic inflammation score, AT - atrophy, IM intestinal metaplasia and LF - lymphoid follicles), which were calculated from
the biopsy samples taken from the same locations as the images being
acquired. These patterns were used to train a conjugate gradient back
propagation neural network. The authors report a specificity and sensitivity
rates of around 80-90% for estimating values of previously mentioned
histological parameters above certain predefined alarm thresholds.
Consequently, they conclude that their method can offer comprehensive
information about the stomach during or just after the completion of the
endoscopy examination and may help to overcome the disadvantages for
histology of the localised biopsy.
Dhandra and Hegadi [Dha05] proposed a scheme for the detection of
abnormal endoscopic tissue using morphological watershed segmentation.
According to the authors’ idea, an abnormal image usually contains a higher
number of distinctive regions.
These are extracted by segmentation in their method. Having performed the
segmentation, an image is considered to be abnormal if it contains more
regions than the predefined threshold (set to 5). The authors conclude that
their work will require further evaluation and that a classification scheme
based on ’segmented region’ features such as shape, size etc. might be
considered in the future.
Specular reflection (bright spots of light that appear on the surface of
illuminated shiny objects) is a very undesirable factor in traditional endoscopy.
Bochko and Miyake [Boc06] proposed a method for removing them. After
Principal Component Analysis (PCA), a Gaussian Mixture Model is used to
cluster the data into body reflection and non-body reflection classes. This is
followed by the second clustering step, where the non-body reflection cluster
is separated into smaller components. Resulting clusters having a maximum
norm of the mean vector are considered highlights and consequently the
image pixels are labelled. These pixels are assigned new values, obtained using
the mapping onto the first eigenvector of the body reflection cluster, by using
the first eigenvector of the highlight reflection cluster.
Focusing in Wireless Capsule Endoscopy (WCE), Coimbra et al. [Coi05] present
an attempt to segment a WCE video into meaningful parts. They divide the
video into four zones: Entrance (Z1) – consisting of image frames acquired
from the mouth and oesophagus as well as those acquired before the capsule
is swallowed; Stomach (Z2) - whose limits are determined by the oesogastric
junction and the pylorus; small intestine (Z3) - delimited by the pylorus and IV;
7
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Colon (Z4) - from IV to the end of the footage. MPEG-7 descriptors (Scalable
Colour and Homogeneous Texture) are used as low-level image features
[Cha01]. The classification is performed using a Bayesian classifier, which
assigns a topographic location label to each frame in the video. Iteration is
used to minimise the segmentation error, resulting in three parameters that
show the positions of transitions between the four previously defined zones.
Coimbra et al. [Coi06b] showed that using a Support Vector Classifier instead
of the Bayesian approach significantly improves the results, which can be used
to estimate the capsule Gastric and Intestinal Transit Times. The authors have
later shown that combining content with context features may give an
additional boost to WCE video segmentation [Coi06a]. Contextual features may
include spatial location of the capsule inside the body of the patient and
capsule displacement velocity. The authors conclude that such an approach
mimics more closely additional expert knowledge that the clinician draws on in
order to perform the annotation more accurately.

1.5 Contributions
The main contributions of the work presented in this thesis towards assisted
diagnostic systems for vital-stained magnification endoscopy were:
1. Creation of a high-confidence dataset for computer vision research. An
annotation system was implemented for the specific scenario of this
thesis in order to collect a clinical dataset that was manually classified
and annotated by medical doctors.
2. Proposal of more adequate colour histograms for in-body images. It is
shown that traditional colour histograms do not appear to be very
adequate for describing in-body images. A new methodology was
proposed for building new histograms for this scenario by maximizing
colour dynamic range.
3. Classification of image patches using colour and texture features.
Several visual feature were extracted and their accuracy measured
when classifying image patches according to Dinis-Ribeiro’s follow-up
model for medical diagnosis.

1.6 Thesis organization
The thesis is organized in the following manner. In Chapter 2, several
endoscopic technologies and their clinical importance are described. Moreover
it is discussed in more detail the motivation and background for this research.
Chapter 3 and Chapter 4 contain a literature review of visual features: colour
models and descriptors (Chapter 3) and texture descriptors (Chapter 4),
July 21, 2008
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namely local binary patterns (LBP). Chapter 5 explains the used methodology
to collect a clinical data set for this research. Chapter 6 comprises the study
and the proposal for new histograms for in-body images. Finally, in Chapter 7
and Chapter 8 it is shown the experiment design, discussion of the results and
future work.

9

Chapter 2
2 Endoscopic technologies and their
clinical importance
2.1 What is an upper GI endoscopy?
An upper GI endoscopy is a diagnostic procedure used by medical doctors to
inspect the inside of the oesophagus, stomach and proximal small bowel. The
doctor passes a flexible tube called an endoscope through the mouth and into
the stomach and digestive tract. This tube has a tiny video camera mounted on
its tip and it also allows the insertion of small tool used for taking tissue
samples (biopsies forceps). Because the passageway from the mouth to the
opening of the small intestine is usually unobstructed, the doctor can use the
endoscope to inspect the entire upper half of the digestive system.
Reasons for undergoing an upper GI endoscopy vary. The patient may be
suffering from one or more of a number symptoms - including weight loss,
abdominal pain, chronic heartburn or indigestion, gastritis, hiatal hernia,
trouble swallowing, pain caused by an ulcer or other problems associated with
the stomach and digestive system.

2.2 Endoscopic imaging technologies
Imaging technology in gastroenterology is very rapidly evolving. In the last
decade, we have not only seen the arrival of new imaging modalities such as
capsule endoscopy, narrow-band imaging endoscopy or endomicroscopy, but
also the full transition to digital video or high-definition video of older
technologies such as colonoscopy and vital-stained endoscopy.
11
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Capsule endoscopy uses a wireless video camera, small enough to be
swallowed,, to perform painless endoscopic imaging of the small intestine.
The capsule (Figure 4) is only 11mm by 30mm and contains a camera, light
source,, radio transmitter, and battery. Patients simply swallow the
the capsule and
the camera captures and transmits about two images per second as it travels
through the gastrointestinal (GI) tract. Patients wear a recording device
approximately the size of a personal
personal Walkman around his or her waist.
Thousands of video images are transmitted by sensors taped to the abdominal
area. These images are stored on the recording device, and later downloaded
onto a computer for viewing by the physician. Capsule endoscopy assists
as
in
diagnosing GI conditions
ditions such as bleeding, malabsorption,
malabsorption, abdominal pain,
tumors, Crohn’s Disease, infectious enteritis and celiac sprue.

Figure 4: Pillcam capsule (in PillCam.com [Pil08])

Figure 5:: Capsule endoscopy image

NBI (Narrow-Band
Band Imaging) is an optical filter technology that radically
improves the visibility of capillaries, veins and other subtle tissue structures, by
optimising the absorbance and scattering characteristics of light.
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Figure 6:: Two bands of light used in NBI
technology (adapted from Olympus [Oly08])

Figure 7: NBI image on the monitor: Capillaries on
the surface are displayed in brown and veins in the
sub surface are displayed in cyan (adapted from
Olympus [Oly08
Oly08])

NBI uses two discrete bands of light (see Figure 6):: One blue at 415nm and one
green at 540nm (Olympus™
(Olympus GIF-Q180 scope).. Narrow band blue light displays
superficial capillary networks, while green light displays subepithelial vessels
and when combined offer an extremely high contrast image of the tissue
surface (Figure 7).

Figure 8: White-light
ight colonoscopy (A) and NBI colonoscopy (B) (adapted from Olympus [Oly08])

This emerging technology can be used either for endoscopy or colonoscopy
procedures. Figure 8 shows the difference between conventional (A) and NBI
(B) colonoscopy - the vessels are clearly visible using NBI technology.

2.3 Vital-stained
stained magnification endoscopy
Vital-stained
stained magnification endoscopy (also known as magnification
chromoendoscopy) is the specific scenario of this work. Magnification
chromoendoscopy is considered one of the simplest
lest methods
method for ‘optical
biopsy’. A conventional endoscopic image prolongs human eye clinical
observation using the white light and conventional charged devices. The
human
uman eye is particularly sensitive to changes in colour shape
(depression/elevation)
levation) and size. This could be achieved through electronical
procedures by the application of filters to enhance microvasculature (Narrow(Narrow
13
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instance by adding methylene blue (a blue dye) that
Band Imaging) or, for instance,
attaches itself to the damaged areas in the stomach mucosa.
ucosa. This is the main
idea of this specific type of chromoendoscopy: a blue dye is added and the
tissues stained in blue will be
b considered for diagnosis.

Figure 9: Magnification chromoendoscopy image

For the last years, severall studies considered magnification and high-resolution
high resolution
endoscopes in conjunction with chromoendoscopy as a high confidence
technique for diagnosis. [Are08
Are08] [Din04]

2.4 Classification proposal by Dinis-Ribeiro
Dinis
During 4 years (from 2001 to 2004), a cohort of patients with atrophic chronic
gastritis and intestinal metaplasia was prospectively followed.
followed. Dinis-Ribeiro
Dinis
[Din04]proved in intra-observer
observer and inter-observer
inter observer evaluation that it is
possible to use a model for diagnosis based on visual features. Table 1 shows
the classification proposal by Dinis-Ribeiro
D
Ribeiro that was clinically validated.
A

B

C

D

Group I

E

F

Group II

Group III

Table 1: Dinis-Ribeiro classification proposal
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Group I was defined when the mucosa showed a regular mucosal pattern and
no change in colour after staining with methylene blue was observed. Within
this group four subgroups were considered: if round small pits were observed
(IA); if pits observed were round or tubular small (IB); with coarse round pits
(IC); and, ID, with course round pits with a straight pit.
Group II if the mucosa presented a regular pattern and stained in blue. II E
included areas of mucosa with blue irregular marks or blue and tubular pits;
and II F when blue villi or blue small pits described the observed mucosa.
Group III was defined if neither a clear pattern was noticeable nor a change in
colour (heterogeneous staining).
Clinical studies showed that: Group I cases are considered normal; Group II
cases are considered metaplastic lesions and could lead to cancer lesions so
the patient should be regularly followed; Group III cases are considered
dysplastic lesions and the patient must be immediately treated to prevent a
late and reserved prognostic. These groups were also divided in subgroups as
shown in Table 1 but currently no clinical relevance may be attributed to them.
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3 Colour features
The visual features of the images are determinant for a medical doctor
diagnosis. The visual perception, obtained from the colour and texture
features, is the first step for a clinical diagnosis in endoscopy procedures.
Colour is the visual perceptual property that, in humans, derives from the
spectrum of light interacting in the eye with the spectral sensitivities of the
light receptors. In computer vision there are colour features that make it
possible to quantify and describe the colour distribution of an image. [For02]
In this chapter, it is shown how colour can be measured and represented in a
computer.

3.1 RGB Colour Model
The RGB colour model is an additive colour model in which red, green and blue
light is added together to reproduce a broad array of colours. The RGB name
comes from the initial letters of the three additive primary colours: Red, Green
and Blue.
The large popularity of this colour model come from its usefulness for the
representation and display of images in electronic devices such as televisions,
computers and recent mobile phones with colour screen display.
Since colours are defined by three components then a three-dimensional
volume is described by treating the component values as ordinary Cartesian
coordinates of a Euclidean space. The RGB model is represented by a cube
using non-negative values within a 0-1 range assigning black to the origin at
the vertex (0,0,0), and with increasing intensity values running along the three
axis up to white at the vertex (1, 1, 1), diagonally opposite black.
17
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Figure 10:: Representation of RGB
RG cube (adapted from Wikipedia [Wik08])

RGB Colour Space is any additive colour space based on the RGB
B colour model.
A particular RGB colour space is defined by the three chromaticities of the red
green and blue additive primaries, and can produce any chromaticity that is
the triangle defined by those primitive colours.

Figure 11:: Chromacity diagram showing the gamut of the sRGB colour space and location of the
primaries
maries (adapted from Wikipedia [Wik08])

RGB is also a convenient colour
colo model for computer graphics because the
optical part of a human visual system works in a way that is similar — though
not quite identical — to an RGB colour
colo space. For image representation
purposes, RGB is the most popular colour model in computer vision due to the
simplicity of its hardware implementation.

3.2 HSV Colour Model
The HSV (or HSI) colour model
mode is a representation of points,, which attempts
attempt to
describe perceptual colour relationships more accurately than RGB, while
remaining computationally simple. HSV stands for hue, saturation and value
(intensity).
This
is colour model describes colours as points in a cone (black point at the
bottom and fully saturated colours around a circle in the top).

July 21, 2008
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Figure 12:: The conical representation of the HSV model (adapted from Wikipedia [Wik08])

In the HSV colour model, three dimensions represent a colour: hue, saturation
and value.
Hue: the colour blend
Hue is the colour property that specifies the dominant frequency (or
wavelength) of the light. This can be perceived as ranging from the red through
yellow, green and blue.
Saturation: the strength of the colour
The saturation of a colour is determined by a combination of light intensity and
how much it is distributed across the spectrum
spectrum of different wavelengths. The
purest colour is achieved by using just one wavelength at a high intensity.
intensity
Value: the brilliance notion
Value refers to the energy (or quantity of light) of a colour. In other words,
value can be seen as a measure of the number of photons hitting the image
sensors for a specific colour.

3.3 Colour conversion
In order to use the most adequate colour space for a specific application,
colour conversion is needed between these different spaces. A good colour
space for image retrieval
retrieval system should preserve the perceived colour
differences. In other words, the numerical Euclidean difference should
approximate the human perceived difference.
3.3.1 RGB to HSV: conversion
In the following figure the obtainable HSV colours lie within a triangle
tria
whose
vertices are defined by the three primary colours in RGB space. This triangle is
similar to the triangle described in Figure 11 (previous in this section).
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Figure 13: Obtainable HSV colour from RGB colour space

The hue of the point P is the measured angle between the line connecting P to
the triangle centre and line connecting red point to the triangle centre. The
saturation of the point P is the distance between P and triangle centre. The
value (intensity) of the point P is represented as height on a line perpendicular
to the triangle and passing through its centre. The greyscale points are situated
onto the same line. And the conversion formula [Gon08] is as follows:
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3.3.2 HSV to RGB: conversion
Conversion from HSV space to RGB space is more complex. And, given the
nature of the hue information, we will have a different formula [Gon08] for
each sector of the colour triangle.
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3.4 Building a colour histogram
Histograms describe images quantifying a specific characteristic. The colour
histogram of an image is constructed by counting the number of pixels that fit
each colour bin. Colour histograms are built according to the colour model
used: an example for the HSV colour model is the MPEG-7 Scalable Colour
descriptor, which divides the HSV cone by slicing the Hue in 16 values,
Saturation in 4 and Intensity in 4, generating a histogram with 256 bins.
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Figure 14:
14 Example of a way to ‘slice’ the HSV cone

This methodology creates a robust colour descriptor according to previous
work by Manjunath et al. [Man01]

3.5 Why are HSV histograms better than RGB histograms for image
classification?
The RGB colour space is far from being perceptually uniform. To obtain a good
colour representation of the image by uniformly sampling the RGB space it is
necessary to select the quantization step sizes to be fine enough such that
distinct colours are not assigned to the same bin. The drawback is that
oversampling at the same time produces a larger set of colours than may be
needed. The increase in the number of bins in the histogram impacts
performance of database retrieval. Large sized histograms become
computationally unwieldy, especially when distance functions are computed
for many items in the database. Furthermore, to have finer but not
perceptually uniform sampling of colours negatively impacts retrieval
effectiveness. However, the HSV colour space mentioned earlier offers
improved perceptual uniformity. It represents with equal emphasis the threethree
colourr variants that characterize colour: Hue, Saturation and Value (Intensity).
This separation is attractive because colour image processing performed
independently
dependently on the colour channels does not introduce false colours.
Furthermore, it is easier to compensate for many artefacts and colour
distortions. For example, lighting and shading artefacts are typically being
isolated
lated to the lightness channel [Smi96] [For02] [Gon08].

July 21, 2008

22

Chapter 4
4 Principles of Local Binary Patterns
With the Local Binary Pattern (LBP) operator it is possible to describe the
texture and shape of a digital (grey scale) image. One LBP is a binary code for
an image-pixel, which tells us something about the local neighborhood of that
pixel. By producing a LBP of a pixel, the grey value of that pixel is compared to
the grey value of pixels in its neighborhood. In this chapter some aspects of the
texture and shape description with LBP will be discussed.

4.1 Local Binary Patterns
The original LBP operator was introduced by Ojala [Oja96b]. This operator
works with the eight neighbors of a pixel, using the value of this center pixel as
a threshold. If a neighbor pixel has a higher grey value than the center pixel (or
the same grey value) than a one is assigned to that pixel, else it gets a zero. The
LBP code for the center pixel is then produced by concatenating the eight ones
or zeros as a binary code.

Figure 15: The original LBP operator
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Later the LBP operator was extended to use neighborhoods of different sizes.
In this case a circle is made with radius R from the center pixel. P sampling
points on the edge of this circle are taken and compared with the value of the
center pixel. To get the values of all sampling points in the neighborhood for
any radius and any number of pixels, (bilinear) interpolation is necessary. (The
working of bilinear interpolation is explained in Appendix A).
The notation (P,R) is used for defining the neighborhoods. The following figure
illustrates three neighbor-sets for different values of P and R.

Figure 16: Circular neighbours for different values of P and R

If the coordinates of the center pixel are (xc, yc) then the coordinates of his P
neighbors (xp, yp) on the edge of the circle with radius R can be calculated with
the following equations:
xp = xc+ Rcos(2 πp/P)

(1)

yp= yc+ Rsin(2 πp/P)

(2)

4.2 Uniform Local Binary Patterns
A Local Binary Pattern is called uniform if it contains at most two bitwise
transitions from 0 to 1 or vice versa. As a matter of fact this means that a
uniform pattern has no transitions or two transitions. Only one transition is not
possible, since the binary string needs to be considered circular. The two
patterns with zero transitions, with for example 8 points (bits), are 00000000
and 11111111. Examples of uniform patterns with eight bits and two
transitions are 00011100 and 11100001. For patterns with two transitions
July 21, 2008
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there are P(P −1) combinations possible. For uniform patterns with P sampling
points and radius R the notion LBP (u2; P,R)is used.

Figure 17: Different texture primitives detected by uniform LBP (P=8,R=2)

Using only uniform Local Binary Patterns has two important benefits. The first
one is that it saves memory. With non-uniform patterns there are 2Ppossible
combinations. With LBP (u2; P,R) there are P(P − 1) + 2 patterns possible. The
number of possible patterns for a neighborhood of 16 (interpolated) pixels is
65536 for standard LBP and 242 for LBP (u2). The second benefit is that LBP
(u2) detects only the important local textures, like spots, line ends, edges and
corners. See Figure 17 for examples of these texture primitives.

4.3 Building a LBP histogram
Once the local binary pattern for every pixel is calculated, a texture feature
vector can be constructed. The following figure explains the building
methodology of the LBP histogram.

Figure 18: Building a LBP histogram

For all non-uniform patterns (more than two transitions) one single label (the
first bin) is assigned. This means that every regional histogram consists of P (P-
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1) +3 bins: P (P-1) bins for the patterns with two transitions, two bins for the
patterns with zero transitions and one bin for all non-uniform patterns.
The LBP code cannot be calculated for the pixels in the area with a distance R
from the edges of the image. This means that, in constructing the featured
vector, a small area on the border of the image is not used.
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5 Data Collection and Annotation
The first step of the project was collecting a clinically annotated data set. Our
original data source was a set of vital-stained magnification endoscopy DV
(Digital Video) videotapes from the Portuguese Oncology Institute in Porto and
from Hospitals associated with the University of Coimbra. The videos were
captured during endoscopic procedures for the past years using the Olympus ™
Q240Z endoscopic camera. Given that these videos were stored in DV format,
it was necessary to select several frames from the exams that were deemed
relevant for clinical analysis and diagnostic.

Figure 19: Camera (Olympus Q240Z) used during endoscopic procedures (in Olympus.com [Oly08])

5.1 Selecting frames from videos
A large amount of video exams was collected from several patients and it was
essential to select the frames that were critical for a MD diagnosis. This subject
was discussed with the doctors and after several meetings a large set of images
(176 images) was defined.
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Figure 20: Example of a collected image (video frame)

5.2 Methodology: Developing an Annotation Software
After getting the data, it was critical to have annotations and manual
classification by the doctors. Therefore, it was decided to develop an
annotation software specifically for this purpose. This software needed to be
very transparent and with a high level of usability. Following several meetings
with the potential users (two medical doctors) for getting software
requirements and testing the application, the software was finally installed in
the MDs’ computers at the Portuguese Oncology Institute (Porto and Coimbra).

Figure 21: Screenshot of annotation software (graphic interface)

The software was developed according to medical doctors’ recommendations
and the specific scenario of classification: images classified in 3 groups and 6
groups following Dinis-Ribeiro classification proposal [Din03].The Software
July 21, 2008
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Requirements Specification was written first, (using IEEE 830-1998 standard) to
describe in a very detailed way all the functionalities of the application.
The usability of the software was the most important non-functional
requirement, thus this application was developed in constant interaction with
the medical doctors and the Portuguese Oncology Institute.
The vital functionalities of the application were:
•
•
•
•

Group classification;
Subgroup classification;
Giving a confidence level for each classification (group and subgroup);
Manual annotation of the relevant region used for classification: the
region marked is saved in a binary matrix with the image pixels size
(the relevant parts (pixels) were filled with ‘1’s and ‘0’s were assigned
in the other parts (pixels).

5.3 Analysing the MDs’ classifications and annotation: some stats
Two clinical specialists in gastroenterology annotated and classified the whole
set of images:
•
•

Mário Dinis-Ribeiro, MD and PhD: is with the Portuguese Oncology
Institute (Porto) and the Faculty of Medicine, University of Porto.
Miguel Areia, MD: he is with the Portuguese Oncology Institute
(Coimbra).

With these two manual classifications, made by clinical specialists with a lot of
experience in this area, a high-confidence clinical set of data was collected.
Afterwards, the doctors’ classifications were compared and a statistic analysis
of their annotations was made. The following figure shows a matrix
comparison for the set classified (176 images). The criteria used for building
this matrix were:
•
•
•
•

Confident means that both clinical specialists were confident on the
image classification;
Insecure means that at least one clinical specialist was insecure on the
image classification;
Agreement means that both clinical specialists classified the image in
the same group;
Disagreement means that clinical specialists classified the image in
different groups.
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Figure 22: Matrix comparison of clinical specialists’ classifications

With this analysis it was considered that the Confident & Agreement set
(‘green’ cell of the image) would be the most adequate to use for machine
training and classification since this set would allow convincing classification
results as both doctors were confident and agreed on their classification. Thus,
this set was identified as the gold-standard set and a particular look was taken
on this set. The following graphic shows the distribution of the cases (Group I,
II or III) of the set.

Figure 23: Statistic analysis of gold standard set (Group classification)

A quick analysis shows that most images belong to either Group I or II. The
Group III set of images is diminutive (7 cases) and not very useful for the final
goal that is machine learning. So, it was decided to take a deeper look into the
July 21, 2008
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set of images that the MDs’ were confident but
but disagreed for group
classification.

Figure 24: Examples (cases) of Confident & Disagreement set

For an analysis of this set,
set Areia’s annotations were marked in white and DinisDinis
Ribeiro’s in yellow. Observation showed that in most of the cases the clinicians
marked different regions of the image as the relevant part(s) for classification.
This topic was discussed with the doctors and they agreed that both
classifications for the some of the marked regions were correct. It’s obvious
obv
that for a final computer-assisted
computer assisted diagnosis the system should identify the
worst possible diagnostic scenario and mark a specific region that was relevant
for such classification. On the other hand, for machine training purposes, this
kind of restrictions
tions are not needed since the system can be trained with the
regions marked by the doctors. Thus, for the same image it is possible to have
two different regions with two different classifications and the system can be
trained with the features of both of them.. Moreover, more cases can be used
for machinee learning hopefully providing a more robust automated classifying
system. As such, it was decided to consider image patches instead of images as
the data set used in the work presented in this thesis.

31

Data Collection and Annotation

Figure 25: Final data set statistics (image patches)

Figure 25 shows the graphic distribution for the data set that will be used for
machine learning and classification. This data set is more equally distributed
for the three proposed classes, when compared to the ‘gold-standard set’.

5.4 Conclusions
This chapter described the first contribution of this thesis. An annotation
software was designed and implemented specifically for this scenario. Medical
doctors were able to manually annotate and classify magnification
chromoendoscopy images in three groups according to Dinis-Ribeiro’s followup model for a diagnosis. This software was developed in continuous
interaction with doctors and a SRS (Software Requirements Specifications) was
written and later approved by project stakeholders. The most critical
requirement for this software was its usability: doctors would only use it if it
was really simple and quick to learn. The most important functionalities were
saving the marked (annotated) region, group (and subgroup) classification
coupled with a confidence level of classification. Using this software a goldstandard dataset was collected consisting of 176 image patches over which
two experienced clinical specialists agreed on its classification. This step was
vital for the subsequent work presented in the following two chapters.
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6 Towards more adequate colour
histograms for in-body images
One way to describe images is to quantify its colour distribution. Colour
histograms are a popular way to accomplish this objective but most of these
were designed for generic images and their associated colour distributions.
In the specific scenario of this work – vital-stained magnification endoscopy –
images do not frequently use the whole spectrum of light. For example, inbody images do not typically have ‘values’ on the range of ‘green’. Also, they
have an abundance of important small variations of the red colour, which are
not easily distinguished by traditional colour histograms. The contribution
described in this chapter tries to address this problem by proposing a
methodology that attempts to maximize the dynamic range of the spectrum.
The main idea is to have more detail on the range of colours that are really
important (e.g. in-body images are usually ‘reddish’ thus the range within red
spectrum is very used comparing to other range of colours) and less detail on
the range of colours non-used or softly used. The contribution here described
was accepted for publication at 30th Annual International Conference of the
IEEE Engineering in Medicine and Biology Society (2008), Vancouver, Canada.
[Sou08]
This proposed methodology might even be adequate not only for in-body
images but also for other scenarios that do not use the whole spectrum of
light.
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6.1 Traditional colour histograms
The idea that the HSV colour-space is more adequate for colour description
and classification than the Red-Green-Blue (RGB) colour histogram is
reasonably well established in the scientific community and its reasons were
described previously on this thesis (see section 3.5) [Smi96] [For02] [Gon08].
Using HSV histograms is quite popular and even MPEG-7 has the Scalable
Colour visual descriptor, which is basically a HSV histogram followed by a Haar
transform [Man01]. This descriptor’s partition of the HSV colour-space was
used in this chapter by linearly quantizing the Hue in 16 blocks, the Saturation
in 4 blocks, and Value (or Intensity) in 4 blocks, producing a total of 256 bins
(this will be called Full HSV).
Consider one example of an in-body image:

Figure 26: Sample image from magnification
chromoendoscopy classified as group II

Figure 27: Full HSV histogram of the image (left).
The vertical axis shows in white the value of each
bin (normalized by the maximum value), and the
closest corresponding RGB colour for each bin is
shown in the coloured bar below.

Figure 27(on the right) depicts the Full HSV histogram of the image presented
in Figure 26. It is immediately observable that most bins are not used, limiting
the useful dynamic range of the histogram and needlessly increasing the
computational cost of any classifier using this visual feature. This happens for
two reasons:
•
•

The HSV space is not fully mapped by the RGB colour space, which
happens with all type of images.
In-body images do not typically have the full spectrum of available
colours, which justifies the proposal of specific colour histograms for
these scenarios.

The RGB colour space can be seen as a cube with three orthogonal axes: Red,
Green and Blue. The HSV can be seen as a cone, where the central axis is the
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Intensity (Value), the radial distance is the Saturation, and the vector angle is
our Hue. Thinking that the Intensity line of the RGB cube is the main diagonal
of the cube, we can imagine a ‘squashed’ RGB cube fitting the initial section of
the cone. The problem comes when we reach high intensity and saturations
values in HSV, since the RGB values have a ceiling of 255. Picture an example
where we have a high intensity (e.g. V = 200), full saturation (S = 1) and a
specific hue (e.g. red). Since we would have B = 0 and G = 0 in RGB space, we
would need R = 200x3 = 600, which is not possible. [Gon08]

Figure 28: In black, we can see the percentage of each HSV bin that is not mapped into the RGB colour
space. The most approximate corresponding colour is displayed in the colour bar below it. Bins are
ordered by Intensity-Saturation-Hue.

Figure 29: Percentage of the Full HSV that is ‘wasted’ per Intensity partition.

The percentage of each Full HSV colour bin that is not mapped into the RGB
colour space (and is therefore useless) is graphically represented on Figure
28(distribution per bin). It is also interesting to understand what is the
percentage of the histogram that is ‘wasted’ per Intensity partition (Figure 29).
This analysis is valid for any type of images. By then focusing specifically on inbody images, it will be shown that this histogram can be compressed even
further, without discarding important information.
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6.2 Intensity-normalized colour histograms
Previous work for in-body images, especially by Berens and Mackiewicz
[Ber05], shows that the Intensity of a colour is not very useful. This might not
be immediately apparent by observation alone due to the superior adaptation
ability of our human vision system. This Intensity fluctuation happens due to
the specific illumination conditions of this type of images: either we have a
very good camera aperture control, or we will face strong fluctuations
between very bright (e.g. the light source is too close to the intestinal wall) and
very dark (e.g. light source is too far from the stomach wall) images.
Given this, the second histogram analyzed was the Full HS, obtained by
merging the bins with the same Hue and Saturation, resulting in a total of 64
bins. The following figure shows the resulting histogram for the sample image
depicted before.

Figure 30: Full HS histogram of the sample image. The vertical axis shows in white the value of each bin
(normalized by the maximum value), and the closest corresponding RGB colour for each bin shown in
the coloured bar bellow. Bins are ordered by Hue-Saturation (left) and Saturation-Hue (right)

Although all bins can be mapped at least partially in the RGB cube, we can still
observe that a lot of them still have very limited usage. This is due to the fact
that in-body images do not use the full spectrum of available colours such as,
for example, digital art repositories or collections of world-press photography.
This clarifies the need for specific histograms for in-body images, which
maximize the usage of all the available dynamic range. Average bin values for
the whole data set can be seen in the circular representation.
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in body images

Figure 31:: Circular representation of the corresponding colours of the Full HS histogram (left) and the
average value of each bin for the whole data set (right), normalized by the maximum value (in black).

6.3 Colour histogram for in-body
in
images
The possibilities for creating adequate histograms for in-body
in body images are quite
vast, so the work here presented focused on proposing and studying
histograms that attempt to maximize colour dynamic range. In other words,
we wanted smaller bins for areas with very common colours, and larger ones
for rare colours, hopefully giving us a higher colour definition
n where it is really
needed.
Again, there were several possibilities to accomplish this so these studies
focused on two basic operations:
•
•

Merge – Consists in merging the two adjacent bins that, when merged,
produce the smallest resulting bin.
Split – Consists
Consists in splitting the largest bin into four smaller ones, by
dividing both the hue and saturation in half.

Two new histograms were created resulting from the direct application of
these operations. Many more are possible but these were chosen since they
illustrate
lustrate the proposed methodology.
•

•

Body1 HS – Obtained by applying successive merge operations to the
Full HS histogram. It is difficult to choose a stop criterion so was
arbitrarily opted to stop the iteration when all bins have a value higher
than the mean
an of the original Full HS histogram.
Body2 HS – Obtained by applying successive iteration cycles of one split
followed by three merge operations to the Full HS histogram. As such,
the resulting number of bins is the same – 64 bins.
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6.4 Histogram Comparison
The image data set used (Porto1 – 176 images) was obtained at Instituto
Português de Oncologia (IPO), Porto (Olympus ® Q240Z) and manually
annotated by a clinical specialist who divided into three groups: I (Normal –
31.8% of images), II (Metaplasia – 54.5% of images), III (Dysplasia – 13.6% of
images).
For a numerical comparing of histograms, the following measures were
chosen:
•

Bin Variance – The final objective of maximizing the colour dynamic
range of a histogram h of size N is to obtain a ‘flat’ distribution of bin
values hi. A simple measure for this ‘flatness’ is bin variance, BinV,
given by:
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Speedup – Measures how much smaller is a histogram of size N when
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Classification Accuracy – Accuracy obtained by the classification
experiment performed.
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Classification Potential – Average histogram distance (L2 Norm)
between the mean histogram of each class for the classification
experiment performed.

These last two measures were obtained from a simple classification
experiment, designed to test the usefulness of the histograms as feature
vectors for classification of in-body images. This experiment consisted in
dividing the Porto1 test set in three different groups according to the DinisRibeiro classification proposal. Using 3-fold cross-validation, all images were
classified using distance-to-mean classification (L1 and L2 distances were
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in body images
tested with very similar results). It must be stressed
stressed that the objective of this
experiment was simply to compare the performance of the various histograms
and not to obtain a robust classifier.

6.5 Results
The following table describes the results obtained:
Full_HSV

Full_HS

Body1_HS

Body2_HS

Speedup

1

4

12.8

4

Useful Bins

185 (72%)

60 (93%)

20 (100%)

64 (100%)

Accuracy

61%

61%

62%

66%

Bin Variance

1.1 x 10-4

7.9 x 10-4

9.8 x 10-4

3.2 x 10-4

Classification
Potential

0.79

0.74

0.69

0.78

Table 2:: Summary of performance measures for the Porto1 test set
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Figure 32:: Circular histogram
Figure 33:: Comparison with Full HS
Colour dynamic range maximization effect of the proposed Body2_HS (4 iterations)

Using the described test-set
test
(Porto1)) the performance of four different
histograms (Full_HSV
Full_HSV, Full_HS, Body1_HS and Body2_HS) was numerically
quantified,, using the proposed measures (Table
(
2).
). The accuracy is naturally
low (texture descriptors and better classifiers
classifiers such as support vector machines
are necessary for better accuracy)
accuracy but shows very interesting results: it is
stable, even when the histogram size is reduced 12.8 times,
times using merge
operations. Although further tests are needed, this means that theoretically
theoreti
it
2
is possible to have algorithms of complexity O(N ) running 100 times faster.
Also, for the Body2_HS histogram, we can observe a 5% improvement in
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classification accuracy after only a couple of iterations. Classification potential
also shows small improvements hinting that colour dynamic range
maximization might help future computer-assisted diagnostic systems for
oncology.
Results confirm the more balanced usage of the various bins of the Body2_HS
histogram. Not only the number of useful bins increases but also bin variance
decreases significantly as predicted. This effect can be also observed by visual
inspection of the histograms in the Figure 33. Another interesting result can be
seen in Figure 32where the Body2_HS histogram (4 iterations) is shown in
circular format. Although this was expected, the bins that were split and
merged correspond to the darker and whiter areas seen in Figure 31.

6.6 Conclusions
This chapter described the second contribution of this thesis. New colour
histograms for in-body image were proposed. Traditional HSV histograms were
studied first, using MPEG-7 Scalable Colour descriptors that linearly quantize
the HSV colour-space, dividing the Hue in 16 blocks, the Saturation in 4 blocks,
and Value (or Intensity) in 4 blocks, producing a total of 256 bins. Inspired by
previous work published by the scientific community, Value was deemed as
not very useful, so the Intensity channel was merged, collapsing the HSV cone
and creating a circular Hue-Saturation histogram. For in-body images, even for
HS histogram there is a large range of the spectrum that is not used (e.g. green
spectrum). Therefore, a methodology was proposed that attempts to maximize
the dynamic range of the colour spectrum. This idea is based on having smaller
bins for areas with very common colours, and larger ones for rare colours,
giving a higher colour definition where it is really needed. Numerical results
showed that this methodology could lead to better colour descriptors.
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Chapter 7
7 Classification of image patches using
colour and texture features
After collecting a clinically validated gold-standard dataset, and studying the
adequacy of colour histograms for in-body imaging classification, this chapter
describes how all this can be used to produce image patch classifiers using
colour and texture for a vital stained magnification endoscopy scenario.
Classical statistical pattern recognition methodologies were used, consisting in
creating adequate feature vectors for describing image patches, which are
then fed to statistical classifiers.
The chosen methodologies for building the feature vectors will be explained
and later used for classification. All feature vectors were extracted from the
image patches collected in the experiments of Chapter 5. All image patches
were classified according to Dinis-Ribeiro proposal using different classifiers
with 10 cross-fold validation. Finally, quality of these descriptors was estimated
by the analysis of their classification accuracy.
This classification methodology was supported by the Weka [Wek08] - Data
mining software with open source machine learning software in Java. Weka is a
collection of machine learning algorithms for data mining tasks. The algorithms
can be applied directly to a dataset and it contains tools for data preprocessing, classification, regression, clustering, association rules, and
visualization.

7.1 Using Local Binary Patterns for in-body images classification
Local Binary Patterns (LBP) were introduced in Chapter 4. This subsection will
now explained how LBP can be applied to medical images for extracting
features which can be used to measure the similarity between images. The
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main idea is that for every pixel of an image the LBP-code is calculated. The
occurrence of each possible pattern is kept up. The histogram of these
patterns, also called bins, forms a feature vector, and is thus a representation
for the texture of the image. These histograms can then be used to measure
the similarity between the images, by calculating the distance between the
histograms.

Figure 34: Endoscopic images and endoscopic images only with pixels with uniform local binary
patterns (using LBP)

Figure 34 shows 2 examples of endoscopic images (above) and only pixels with
uniform patterns (below). These images were created using LBP (u2; 8,2). It
occurs that images with only their pixels with uniform patterns still contain a
considerable amount of pixels, namely 82% and 84% in the two depicted
examples. This percentage was calculated for the whole set of images and its
average value is above 80%. Another remarkable point is the fact that, by
considering only the pixels with uniform patterns, these seem to be the most
relevant for classification as they have the most important visual transitions.

7.2 Classifiers
An automatic script was created for using Weka that automatically extracts
visual features, creating a text file ‘readable’ by the Weka platform. A Weka file
has a particular format (ARFF) and it was built according these specifications
(for details on file format and specifications see Appendix B).
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Weka implements several statistical classifiers for pattern recognition.
Different types of classifiers were chosen for this work, covering some of the
most popular classifier archetypes:
•

•

•

•

Decision Trees: This classifier uses trees that can be modelled
according to a set of decision rules. Generally, Decision Tree
Classification generates the output as a binary tree structure which
contains rules to predict the target variable.
Naive-Bayes: A naive Bayes classifier is a simple probabilistic classifier
based on applying Bayes' theorem with strong (naive) independence
assumptions. Generally this classifier estimates the probability of a
class based on the number of instances that occur in that class;
K-Nearest Neighbours: The K-nearest neighbour classifier labels an
unknown object O with the label of the majority of its k nearest
neighbours. A neighbour is deemed nearest if it has the smallest
distance, in a Euclidean sense, in feature space. For k = 1, this is the
label of its closest neighbour in the learning set;
Support Vector Machines: Support Vector Machines are based on the
concept of a decision hyperplane that maximizes the margin of
separation between classes. A kernel function is used to transform the
original feature space into a higher dimensional space, increasing the
odds of finding hyperplanes with superior margins of separation.

This description refers only the main topics for each ‘type’ of classifier. For
more details we refer to Herbrich [Her01] and Kuncheva [Kun04].

7.3 Building the feature vector
Several possible feature vectors were proposed for classification. The main
idea was to concatenate the two extracted feature histograms studied and
presented in the previous chapters: the colour histogram and the texture
histogram.
First, both histograms were normalized. In other words, each bin was divided
by the number of points of the image (or the region selected). This
normalization is a vital step for classification, as the feature vector needs to be
independent of the size of the image (or region selected). In other words, the
final feature vector will have a percentage of the quantity of each bin (colour
and texture).

43

Classification of image patches using colour and texture features

Figure 35: Building the final histogram by concatenating the normalized histograms from the features
studied (colour and texture)

The proposals for feature vectors result from the concatenation of the two
histograms and the various possibilities are described in Table 3:
#
1
2
3
4
5
6
7
8
9

Colour histogram
Full_HS
(64 bins)
Body2_HS
(64 bins)
Full_HSV
(256 bins)
Full_HS
(64 bins)
Body2_HS
(64 bins)
Full_HSV
(256 bins)
Full_HS
(64 bins)
Body2_HS
(64 bins)
Full_HSV
(256 bins)

Texture histogram
LBP(P=8, R=2)
(59 bins)
LBP (P=8, R=2)
(59 bins)
LBP (P=8, R=2)
(59 bins)
LBP (P=8, R=1)
(59 bins)
LBP (P=8, R=1)
(59 bins)
LBP (P=8, R=1)
(59 bins)
LBP (P=16, R=2)
(243 bins)
LBP (P=16, R=2)
(243 bins)
LBP (P=16, R=2)
(243 bins)

Total bins
123
123
315
123
123
315
307
307
499

Table 3: Feature vectors proposed for classification

By combining the possibilities of concatenating the two feature histograms
(colour and texture), several alternatives were proposed. Starting with the
FullHS_LBP(8,2), the result of concatenation of the Full_HS (‘circle’ histogram
resulting from the merging of Intensity on the HSV histogram) and the LBP
(8,2)(local binary pattern histogram with 8 neighbour points at a radius of 2
pixels) produced a histogram with 123 bins. Other histograms with the same
size were created: the Body2_HS histogram was used instead of the Full_HS
histogram for colour features (the resulting histogram from the dynamic range
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maximization methodology described in Chapter 6); other two possibilities
were also considered: concatenating either the Full_HS histogram or the
Body2_HS histogram with the LBP (8,1) texture descriptor.
Finally, bigger histograms were created: concatenating the Full_HSV histogram
with the three proposals for texture descriptors: LBP (8,1), LBP (8,2) and LBP
(16,2) and also concatenating the LBP(16,2) histogram with the other colour
histograms studied: Full_HS and Body2_HS.

7.4 Methods and results
This classification was made assuming ‘perfect’ segmentation. In other words,
it used the image patches that were manually annotated by medical doctors
that were deemed relevant for classification in Chapter 4. Instead of using the
whole image, the feature vector was built considering only the determinant
region for classification. Segmentation is a non-trivial problem that was not in
the scope of this thesis. This chapter’s contribution is thus to validate the
usefulness of the extracted visual features as robust image patch classifiers for
an in-body imaging scenario.
For each type of classifier described in Section 7.2, a specific classification
algorithm was chosen. The Weka platform simplifies the testing of a much
larger number of classifiers but for readability purposes it was decided to
simply present one that illustrates the performance of that type of classifiers.
•

•

•

•

Logistic Model Trees (LMT): Classifier for building 'logistic model trees',
which are classification trees with logistic regression functions at the
leaves. The algorithm can deal with binary and multi-class target
variables, numeric and nominal attributes and missing values.
NaiveBayes: Class for a Naive Bayes classifier using estimator classes.
Numeric estimator precision values are chosen based on analysis of the
training data.
IB1: Nearest-neighbour classifier. Uses normalized Euclidean distance
to find the training instance closest to the given test instance, and
predicts the same class as this training instance. If multiple instances
have the same (smallest) distance to the test instance, the first one
found is used.
Sequential Minimal Optimization (SMO): Implements John Platt's
sequential minimal optimization algorithm [Joh98]for training a support
vector classifier. This implementation globally replaces all missing
values and transforms nominal attributes into binary ones. It also
normalizes all attributes. Multi-class problems are solved using pair
wise classification (1-vs-1).
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The results obtained were very promising. The following table shows the
classification accuracy for the experiment proposed using different classifiers.
LMT

NaiveBayes

IB1

SMO

Full_HS+LBP(8,2)

88.1%

68.2%

84.1%

88.6%

Body2_HS+LBP(8,2)

86.4%

77.3%

85.8%

90.9%

Full_HSV+LBP(8,2)

86.9%

70.5%

80.7%

87.5%

Full_HS+LBP(8,1)

81.8%

64.7%

79.0%

83.5%

Body2_HS+LBP(8,1)

84.0%

73.8%

77.8%

83.0%

Full_HSV+LBP(8,1)

81.3%

75%

79.0%

84.7%

Full_HS+LBP(16,2)

84.1%

76.1%

76.1%

88.6%

Body2_HS+LBP(16,2)

87.5%

76.1%

77.3%

88.6%

Full_HSV+LBP(16,2)

84.7%

78.9%

77.2%

86.9%

Table 4: Classification accuracy for the feature histograms proposed using different classifiers

Analysing Table 4 we can observe that best results were obtained when
concatenating the Body2_HS histogram (colour features) with LBP(8,2). It is
also interesting that similar results were achieved when using the Full_HS
histogram for colour features instead of Body2_HS. Both histograms have the
same size (123 bins) and share the same texture feature.
We can now look deeper into the confusion matrix for the highest accuracy
obtained in the proposed experiment:

Doctors
Classification

Group I
Group II
Group III

Group I
52
2
4

as Automatic Classification
Group II
Group III
3
1
94
0
6
14

Table 5: Confusion matrix for the ‘bolded’ result (highest accuracy) shown in Table 4

The most immediate results are the system’s ability to correctly handle Group I
and Group II situations. There are very few false positives and only a couple of
cases (2+3) where the automatic results fail to distinguish image patches
between these two groups, obtaining an accuracy of nearly 97%. Results from
Group III are not so promising given the large number of false negatives: 10
Group III cases were classified either as Group I or Group II. This is an
important observation for future classification systems since the false
negatives in a computer-assisted diagnosis are very inconvenient, as the doctor
is not warned when facing a potentially dangerous case. This is especially
serious for the 4 image patches belonging to Group III (dysplastic lesions) that
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were classified as Group I (normal), which amounts to 17% ‘serious’ false
positives. On the bright side, there is a strong probability that this problem is
partially caused by the low amount of available Group III cases. As described
before the used data set has only 24 Group III cases (13.6% of cases of the
whole set) and it is well known that this has a strong negative impact on
statistical classifiers and, consequently, their ability to correctly classify Group
III.
It was decided to look a bit deeper into this problem. Support vector machines
have the possibility to ‘artificially’ standardize the training data. In other
words, the classifier can be trained while giving more weight to rare cases.
Using this methodology the percentage of false negatives was reduced (see
Table 6), although the global accuracy of the system dropped slightly to 88.6%.
This confirms our suspicions that even without altering the proposed
methodology, the abstraction capability of the classifiers will surely improve
given more Group III cases, thus creating a more robust automatic
classification system.

Doctors
Classification

Group I
Group II
Group III

Group I
52
2
3

Classified as
Group II
1
89
5

Group III
4
5
16

Table 6: Confusion Matrix for 'standardization' training data using SMO

7.5 Conclusions
The classification accuracy results were better, for the majority of the cases,
when using Body2_HShistogram for colour features, strengthening the
proposals for colour histograms for in-body images presented in Chapter 6. For
texture features, the results show that global accuracy was higher when using
LBP(8,2).
Other interesting point is that by significantly increasing the number of bins
(for example using Full_HSV+LBP(16,2) histogram) the global accuracy does not
effectively improve.
One must be careful with these observations since, as mentioned previously, it
would be desirable to have a much larger dataset for robust conclusions.
However, this contribution is enough to confirm that it is possible to have an
automated classifying system that can support doctors in a hospital
environment. Comparing these results either with the percentage of data that
doctors marked when they were not confident on their manual classification
(7.6% for Miguel Areia and 8.9% for Mário Dinis-Ribeiro) or the percentage of
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cases they didn’t agree (13.4 %) it is clear that results obtained are very
promising.
The next non-trivial step for a computer-assisted system is the automatic
segmentation of the images. This segmentation should divide the image into
meaningful patches and then use them for classification. Traditional
approaches such as using a simple grid are probably not good enough, paving
the way for solutions involving mean-shift or normalized cuts methodologies
[Shi00] [Com02]. Finally, all these patch classifications must be combined into a
single classification for one image, which hopefully meets all the clinical
requirements of doctors.
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Chapter 8
8 Discussion
In this chapter the most important contributions in this thesis are summarized
and we give a commentary on achievements. Finally, we also suggest possible
directions and extensions for the future.

8.1 Commentary on achievements
The main achievements of this thesis were:
1. An annotation software was designed and implemented specifically for
this work, that made it possible for medical doctors to manually
annotate and classify magnification chromoendoscopy images in three
groups according to Dinis-Ribeiro’s classification follow-up model for a
diagnosis. This software was developed in continuous interaction with
doctors and a SRS (Software Requirements Specifications) was
produced that was approved by project stakeholders. The most critical
requirement for this software was its usability: doctors would only use
it if it really simple and quick to learn. The most important
requirements were saving the marked (annotated) region, group (and
subgroup) classification coupled with a confidence level of
classification.
2. New colour histograms for in-body images were proposed. HSV
histograms were considered, which are better descriptors than RGB
histograms, using Scalable Colour descriptors that linearly quantize HSV
colour-space by dividing the Hue in 16 blocks, the Saturation in 4
blocks, and Value (or Intensity) in 4 blocks, producing a total of 256
bins. Inspired by previous work published by the scientific community,
Value was deemed as not very useful. This happens because if the
endoscopic camera is really close to the mucosa, we have brighter
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images (and consequently high intensity images). On the other hand, if
it is more distant to the mucosa then the image is darker (and with
lower intensity). Due to this intensity fluctuation the Intensity channel
was merged, thus collapsing the cone and creating a circular HueSaturation histogram. For in-body images, even for the HS histogram,
there is a large range of the colour spectrum that is not used (e.g. green
spectrum). Therefore, we proposed a methodology based on colour
dynamic range maximization. The idea is to have smaller bins for areas
with very common colours, and larger ones for rare colours, giving a
higher colour definition where it is really needed.
3. Finally, various visual feature vectors were proposed that proved to be
good descriptors for endoscopic images. Using the methodologies for
colour descriptors previously described and Local Binary Patterns for
texture descriptors, several feature vectors were obtained by
concatenation. The accuracy of each proposed histogram was analysed
for the task of classification according to Dinis-Ribeiro’s proposal.
Although improvements are need, the promising results obtained show
that it is possible to build a computer-assisted diagnosis system that
can help doctors in their routine clinical work.

8.2 Conclusions
Imaging in gastroenterology is quickly evolving and a lot of work has been done
in computer vision for medical imaging, particularly for capsule endoscopy. As
far we know, no work was published on this for magnification endoscopy
technology. This original work showed that it is possible to extract visual
features from images and classify them according to a classification proposal
clinically validated by medical doctors. This classification proposal is used for
diagnosing cancerous and pre-cancerous lesions.
Although more studies are needed to get more robust classifiers, this work
shows that is possible to have an automated system that can support doctors
by giving them one more opinion for their diagnosis. Results showed a high
accuracy, although a larger dataset is needed for more solid conclusions..
In the future, a computer-assisted diagnosis system can be a great
improvement for hospitals routine clinical work. It can be useful not only for
giving doctors additional information for supporting their medical diagnosis,
but also as a vital part for a future training system for new and inexperienced
doctors.
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8.3 Future work and extensions
A vital point that must be considered for future work is the reduction of the
false negative cases. They are quite inconvenient for a computer-assisted
diagnostic system, as the doctor is not alarmed when facing a potentially
disease and therefore cannot trust the system. Collecting more data and more
cases belonging to the Group III described in this thesis may solve this problem,
as the training set would be more equally distributed.
Other interesting point for the future is to introduce segmentation methods to
classify images instead of images patches. This seems to be a huge challenge
for the future since endoscopy images are difficult to segment and identify the
important segments.
Finally, a system in a hospital should be capable to directly process video as the
doctor is working. The idea for the future is to process the endoscopic videos in
real-time (during the examination) and alarm doctors whenever a potential
dangerous case is detected, or when the doctor needs a second opinion on
something he is observing.
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Bilinear Interpolation
By using the LBP (P,R) operator sampling points are not always exactly in the
center of a pixel. To get the values of these points, bilinear interpolation of the
four nearest pixels can be applied. Figure 36will be used to obtain an equation
for the value gp of a sample point on the circle.

Figure 36: Interpolation to get the value of gp

The dots in the figure are the centers of the pixels a, b, c and d. These dots
have the grey values ga, gb, gc and gd. The distance between the dots is 1
pixel. The horizontal distance between the sample point p and the centers of
pixels a and c is defined as αand the vertical distance between the sample
point p and the centers of pixels a and b is defined as β. In this case the
horizontal distance from p to the centers of pixels b and d is 1−αand the
vertical distance from p to the centers of pixels c and d is 1−β. The value gp
(grey value of point P) of the sample point can then be calculated with:
gp = ga (1 − α)(1 − β) + gb (α)(1 − β) + gc (1 − α)(β) + gd (α)(β)
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Appendix B
File specifications for Weka: ARFF format
ARFF files have two distinct sections. The first section is the Header
information, which is followed the Data information.
The Header of the ARFF file contains the name of the relation, a list of the
attributes (the columns in the data), and their types. An example header on
the standard IRIS dataset looks like this:
% 1. Title: Iris Plants Database
%
% 2. Sources:
% (a) Creator: R.A. Fisher
% (b) Donor: Michael Marshall (MARSHALL%PLU@io.arc.nasa.gov)
% (c) Date: July, 1988
%
@RELATION iris
@ATTRIBUTE sepallength NUMERIC
@ATTRIBUTE sepalwidth NUMERIC
@ATTRIBUTE petallength NUMERIC
@ATTRIBUTE petalwidth NUMERIC
@ATTRIBUTE class
{Iris-setosa,Iris-versicolor,Iris-virginica}
The Data of the ARFF file looks like the following:
@DATA
5.1,3.5,1.4,0.2,Iris-setosa
4.9,3.0,1.4,0.2,Iris-setosa
4.7,3.2,1.3,0.2,Iris-setosa
4.6,3.1,1.5,0.2,Iris-setosa
5.0,3.6,1.4,0.2,Iris-setosa
5.4,3.9,1.7,0.4,Iris-setosa
4.6,3.4,1.4,0.3,Iris-setosa
5.0,3.4,1.5,0.2,Iris-setosa
4.4,2.9,1.4,0.2,Iris-setosa
4.9,3.1,1.5,0.1,Iris-setosa

Lines that begin with a % are comments. The @RELATION, @ATTRIBUTE and
@DATA declarations are case insensitive.
The ARFF Header Section
The ARFF Header section of the file contains the relation declaration and
attribute declarations.
The @relation Declaration
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The relation name is defined as the first line in the ARFF file. The format is:
@relation<relation-name>

where<relation-name> is a string. The string must be quoted if the name
includes spaces.
The @attribute Declarations
Attribute declarations take the form of an ordered sequence of @attribute
statements. Each attribute in the data set has its own @attribute statement,
which uniquely defines the name of that attribute and it's data type. The order
the attributes are declared indicates the column position in the data section of
the file. For example, if an attribute is the third one declared then Weka
expects that all that attributes values will be found in the third comma
delimited column.
The format for the @attribute statement is:
@attribute<attribute-name><datatype>

where the <attribute-name> must start with an alphabetic character. If spaces
are to be included in the name then the entire name must be quoted.
The <datatype> can be any of the four types currently (version 3.2.1)
supported by Weka:
numeric
<nominal-specification>
string
date [<date-format>]

where<nominal-specification> and <date-format> are defined below. The
keywords numeric, string and date are case insensitive.
Numeric attributes
Numeric attributes can be real or integer numbers.
Nominal attributes
Nominal values are defined by providing an <nominal-specification> listing the
possible values: {<nominal-name1>, <nominal-name2>, <nominal-name3>, ...}
For example, the class value of the Iris dataset can be defined as follows:
@ATTRIBUTE class

{Iris-setosa,Iris-versicolor,Iris-virginica}

Values that contain spaces must be quoted.
String attributes
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String attributes allow us to create attributes containing arbitrary textual
values. This is very useful in text-mining applications, as we can create datasets
with string attributes, then write Weka Filters to manipulate strings (like
StringToWordVectorFilter). String attributes are declared as follows:
@ATTRIBUTE LCC string

Date attributes
Date attribute declarations take the form:
@attribute<name> date [<date-format>]

where<name> is the name for the attribute and <date-format> is an optional
string specifying how date values should be parsed and printed (this is the
same format used by SimpleDateFormat). The default format string accepts the
ISO-8601 combined date and time format: "yyyy-MM-dd'T'HH:mm:ss".
Dates must be specified in the data section as the corresponding string
representations of the date/time (see example below).
ARFF Data Section
The ARFF Data section of the file contains the data declaration line and the
actual instance lines.
The @data Declaration
The @data declaration is a single line denoting the start of the data segment in
the file. The format is:
@data

The instance data
Each instance is represented on a single line, with carriage returns denoting
the end of the instance. Attribute values for each instance are delimited by
commas. They must appear in the order that they were declared in the header
section (i.e. the data corresponding to the nth @attribute declaration is always
the nth field of the attribute).
Missing values are represented by a single question mark, as in:
@data
4.4,?,1.5,?,Iris-setosa

Values of string and nominal attributes are case sensitive, and any that contain
space must be quoted, as follows:
@relationLCCvsLCSH
@attribute LCC string
@attribute LCSH string
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@data
AG5, 'Encyclopedias and dictionaries.;Twentieth century.'
AS262, 'Science -- Soviet Union -- History.'
AE5, 'Encyclopedias and dictionaries.'
AS281, 'Astronomy, Assyro-Babylonian.;Moon -- Phases.'
AS281, 'Astronomy, Assyro-Babylonian.;Moon -- Tables.'

Dates must be specified in the data section using the string representation
specified in the attribute declaration. For example:
@RELATION Timestamps
@ATTRIBUTE timestamp DATE "yyyy-MM-ddHH:mm:ss"
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