Automated visibility map from colonoscopy video to support clinical
diagnosis and improve the quality of colonoscopy

Mohammad Ali Armin

A THESIS SUBMITTED FOR THE DEGREE OF DOCTOR OF PHILOSOPHY OF
THE UNIVERSITY OF CANBERRA

FACULTY OF EDUCATION SCIENCE TECHNOLOGY AND MATHEMATICS

NOVEMBER 2016

i

I DEDICATE THIS TO MY PARENTS WHO ARE THE LIGHT OF MY LIFE.

ii

Abstract
Colorectal cancer is one of the leading cause of cancer related deaths in the world. In 2012, it was
reported to have claimed more than 694,000 lives worldwide [1], [2]. When diagnosed early, survival
from cancerous polyps can increase up to 90% [1]. Current reports estimate that one in 12 Australian
males will develop colorectal cancer within their lifetime, one of the highest rates in the world [1].
Among screening methods, optical colonoscopy is widely used to diagnose and remove cancerous
polyps. Although optical colonoscopy is an effective procedure for diagnosing colorectal cancer, there
are many factors that affect the quality of this intervention [3]. Inspecting the whole colon surface in
order to detect polyps and other lesions is challenging because haustral folds can hide lesions, the organ
might deform, visibility can be reduced due to dirty lens, and also because challenges in operating the
colonoscope could result in not visualising all the colon surface. An undesirable consequence is missing
cancerous lesions, up to 33% according to recent publications [4], [5].
The aim of this research project is to enhance the quality of colon inspection by improving the
quality and extent of the visual inspection of the internal colon surface. We developed an assistive
technology to provide a panoramic view of internal colon surface (visibility map) from a colonoscopy
video. A visibility map could provide feedback to clinicians about the quality of the intervention
(potentially in real time), for example by increasing their awareness of uncovered areas by the video. It
could also be beneficial for following up patients and tracking lesions over multiple exams. Visibility
map could also be a core technology for training junior clinicians.
Challenges to generate visibility maps include: (i) Colonoscopy videos comprises many
uninformative frames (frame with no technical or clinical information); (ii) the colon is a flexible tubular
organ that makes navigation challenging, not only for clinicians, but also for computer vision algorithms;
(iii) the structure of the colon is complex with many haustral folds requiring complicated modelling.
Our novel framework comprises four main phases: (i) detect uninformative frames from motion
and colour features, (ii) compute camera parameters including intrinsic and extrinsic one using epipolar
geometry analysis, (iii) model the colon and project the model into colonoscopy frames using camera
parameters, and (iv) unroll and stich the frames, correcting camera parameters, and generate a visibility
map. We leveraged the existing state of art CSIRO realistic simulator by generating test examples and
validation experiments where ground truth could be known from the simulator. Our results showed that
this method could detect uncovered areas and help clinicians to identify them. Although more work is
required, the wide spread use of this technology could help reducing the miss rate of polyps, which will
increase the quality of colonoscopy procedure and ultimately save lives.
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Chapter 1 Introduction
1.1 Introduction
Colorectal cancer or Bowel cancer is the third leading cause of cancer related death after the
lung cancer in Australia and Western world [1], [2]. Colorectal cancer mostly arises from
benign adenomatous polyp precursors. Unfortunately, very few symptoms, if any, are exhibited
until the cancer has reached a relatively advanced stage. If bowel cancer is diagnosed in early
stage, it can be cured and the chance of surviving for at least five years after diagnosis is around
90% [1]. Current data indicate that one in 12 Australians male will develop colorectal cancer
within their lifetime, one of the highest rates in the world [1].
There are several screening methods to diagnose colorectal cancer such as pathology test,
computed tomography colonography (CTC), wireless camera endoscopy (WCE), and optical
colonoscopy. Among these screening methods optical colonoscopy is the most effective
method for detection and removal of cancerous polyps. Optical colonoscopy is accepted as a
gold standard method due to its wide application by gastroenterologists [6], [7]. In 2012,
500,000 were performed in Australia, and 4 million in the USA [1], [8].
During colonoscopy procedure, a tiny video camera at the tip of colonoscope generates a
sequence of images of the internal mucosa of the colon. These images are displayed on a
monitor for real-time analysis by clinicians.
While optical colonoscopy is a common procedure for diagnosing colorectal cancer, there
are still many factors that can reduce the quality of a colonoscopy procedure and can increase
the chance of missing polyps (which can turn into cancer). Some of these factors include
inspection time, the amount of a colon that has not been observed as a result of being out the
camera field of view, or uninspected areas which have been observed by clinicians but they
didn’t examine them properly.
International efforts to increase the quality of colonoscopy include standards introduced
by the American Society for Gastrointestinal Endoscopy guidelines (ASGE) [9] or quality
metrics and technology which were developed based on those standards by Mayo college of
medicine [10], [11], [12], [13], [14]. Yet reports have estimated that up to 33% of the polyps
can be missed during a regular colonoscopy [3], [4], [5]. Some of the recent studies on colon
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inspection quality have shown a dramatic need to improve the quality of optical colonoscopy
practices [15], [16], [17].
In 2012, a research project started at the commonwealth scientific industrial and research
organisation (CSIRO) in the Brisbane called Automatic Real-time ENdoscopy Assistance
(ARENA). The long-term objective of ARENA is to analyse surgical videos, including
colonoscopy, in real-time, to increase the quality of surgical procedures. This thesis has been
part of ARENA which is proposing a novel framework based on computer vision and image
processing to assist clinicians by determining which part of the colon has not been inspected
thoroughly during colonoscopy. Our proposed method can increase the awareness of clinicians
regarding the uncovered areas and has potential to benefit any endoscopy unit in Australia and
elsewhere. This can have a profound impact by reducing the rate of miss detection and reduce
colorectal cancer prevalence.
In this Chapter, first the motivation and challenges in providing our assistive framework
is described, then colon anatomy, colorectal cancer, and colonoscopy is explained. Considering
the importance of colonoscopy and challenges with regards to the quality of colonoscopy, we
investigate the parameters which affect the quality of colonoscopy and provide a review of
current assistive technology in colonoscopy. The last sections in this Chapter discuss thesis
contributions and outline of the thesis.

1.2 Significance and motivation
Optical colonoscopy is a prominent screening method by which cancerous polyps could be
diagnosed and removed from a colon. One of the main challenges is to observe the whole colon
mucosa for the presence of abnormalities [18]. Recent studies have reported that even during an
optimal examination, some clinicians might miss 5-10% of the colon surface; this would
increase up to 20-30% under problematic conditions, such as poor bowel preparation [19]. This
large number of uncovered areas can increase the chance of missing cancerous polyps.
The percentages of missed polyps during optical colonoscopy has drawn a lot of attention
[20], [21], [22] due to the fact that early diagnoses of polyps could increase the survival chance
up to 90% [1]. Most of the current methods focus on improving polyps’ detection algorithm to
reduce the percentage of missed polyps [23], [24], [25]. When a polyp has not been observed
by the camera, even the best of polyps’ detection algorithm is unable to recognise it. Other
2

studies have tried to address this challenge using the methods drawn from edge detection to
locally determine the amount of uncovered areas without providing a general feedback [14].
Localising the colonoscope during colonoscopy is another challenge that reduces the
efficiency of the colonoscopy procedure. Ambiguities in determining the colonoscope location
not only can lead to inappropriate manoeuvres in that part of the colon, but also can result in
misdiagnosis [18]. Current methods for estimating the location of colonoscope tip with respect
to the colon surface can be classified as (i) The computer vision based method [26], [27], and
(ii) Hybrid methods, which combine the results obtained from computer vision approach with a
sensor [28], [29]. Although computer vision methods are cheap, they might lead to a drift in
localising the colonoscope [26].
Considering the above challenges we developed a framework to estimate colonoscope
location by computer vision based method, without employing any sensor, and provide a
visibility map from internal colon surface that can represent all covered and uncovered areas
from a colonoscopy video to the clinicians. In Figure 1 examples of a visibility map from actual
and simulated colonoscopy video are shown. It is hoped that such a map can raise the
clinicians’ awareness of missed areas and improve their inspection efficacy, which in turn
should lead to a reduction in the missed polyps’ rate.

Figure 1 First row shows two samples of visibility map generated from actual colonoscopy
video representing the internal colon surface, and the second row is a visibility map from a
simulated video, dark areas spots are uncovered areas.
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1.3 Background
In this section, we review the colon anatomy, colorectal cancer and common diagnosing
methods in detecting colorectal cancer. The optical colonoscopy procedure is also explained in
details as it is known to be the most effective method for detection and removal of cancerous
polyps. In our research, we utilised the state of the art CSIRO colonoscopy simulator and an
actual colonoscope, which will be introduced in details.
1.3.1 Colon anatomy
Colon is a hollow, muscular tube, usually about 80 to 150 cm long, which consists of six parts;
rectum, sigmoid colon, descending colon, transverse colon, ascending colon, and cecum with
appendix (Figure 2). Colon is the last part of the human digestive system.

Figure 2 Colon anatomy; a colon consists of six parts: rectum, sigmoid colon, sigmoid colon,
descending colon, transverse colon, ascending colon, and cecum with appendix, images are
borrowed from [30], [31].
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1.3.2 Colorectal cancer
Colorectal cancer mostly arises from benign adenomatous polyp precursors, which are shown
in Figure 3. This cancer is the third leading cause of cancer-related deaths in Australia (see
Table 1) [1] and the US, With one in twenty Australians likely to develop the disease. The
Australian Institute of Health and Welfare (AIHW) reported that around 14,410 Australians are
told they have colorectal cancer in 2012, and around 3,982 people every year die because of
colorectal cancer [1]. Figure 4 shows the rate of death due to bowel cancer in Australia from
1991until 2012 is [1].

Figure 3 Different type of polyps in a colon, images are from [14], [15].

Table 1 Estimated incidence of cancer in 2012 reported by Australian Institute of Health and
Welfare (AIHW), ASR is the Age-standardised rate according to AIHW [1].
Males

Females

Site/type (ICD-10 codes)

Deaths

ASR

Site/type (ICD-10 codes)

Deaths

ASR

Lung (C33-C34)

4,934

44.6

Lung (C33-C34)

3,165

24.2

Prostate (C61)

3,235

30.6

Prostate (C61)

2,840

21.6

Bowel (C18-C20)

2,205

20.1

Bowel (C18-C20)

1,777

13.0

Pancreas (C25)

1,233

11.1

Pancreas (C25)

1,201

8.9
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Figure 4 Mortality in Australia from bowel cancers, as reported by the AIHW [1].

If bowel cancer is detected at an early stage it can be cured and the chance of surviving for at
least five years after detection is close to 90%, most of the patients are able to return to their
normal lifestyle. The recent report by American Cancer Society (ACS) [2], has shown that less
than 40% of colorectal cancers are detected early (see Figure 5). The early detection of
colorectal cancer can reduce the number of people who die each year from this cancer [14].

Figure 5 relation between stages of diagnosing colon cancer and the chance of surviving [2].
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1.3.3 Colorectal cancer diagnosis methods
Checking for health problems before they cause symptoms is called screening, and by doing the
screening, clinicians can detect cancerous polyps, non-polypoid lesions, which are flat or
slightly depressed areas of abnormal cell growth, and other conditions [15].
There are several ways to do screening on patients such as Fecal occult blood test
(FOBT), Sigmoidoscopy, Virtual Colonoscopy, Wireless Capsule Endoscopy (WCE) and
Optical Colonoscopy (OC) [16], [17], [18]. Among these screening methods OC is widely used
by gastroenterologists with different levels of expertise for detection and prevention of
colorectal cancer (see Table 2). Generally in the US over 4 million and in Australia 500,000
colonoscopy procedures are performed annually [1], [2].
Table 2 Colonoscopies (public and private sector) in Australia, from improving colonoscopy
services in Australia, Report From The National Bowel Cancer Screening Program Quality
Working Group, July 2009 [38].
Year

Number of colonoscopy

2003/04

395,371

2004/05

414,856

2005/06

444,689

The wide acceptability of optical colonoscopy in the real clinical environment has made it a
gold standard for detection and removal of colorectal cancer among other screening methods.
The quality of an optical colonoscopy intervention can be affected by several factors such as
colon preparation, colonoscope, and clinicians’ skills. In the next sections, optical colonoscopy
procedure and different parameters that affect the quality of optical colonoscopy will be
explained in detail.

1.3.4 Colonoscopy procedure
Optical colonoscopy is a non-invasive medical procedure by which clinicians thoroughly
inspect the entire internal colon surface, and perform a number of remedial operations such as
removing polyps or tackling biopsy. The optical colonoscopy is performed by a colonoscope
which is a long flexible tube-like device with a camera at the tip, which can provide a video
signal and display them on a monitor for real-time analysis by a clinician (see Figure 6).
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Figure 6 a) colonoscopy camera and internal view of the colon including abnormalities, b)
colonoscopy procedure, images are borrowed from [39],[40].
A colonoscopy procedure comprises of two main phases: insertion phase and withdrawal.
During the insertion phase, the clinician gently inserts the colonoscope into the patient’s colon
until it reaches to the end of the long bowel or terminal ileum. In this phase, clinicians do some
cleansing, with an aim to reach the end of the colon (cecum or appendiceal orifice), and there is
no precise inspection in this stage. In the withdrawal phase, the colonoscope is gradually
removed, while precisely examined for the presence of polyps. At this stage, therapeutic
interventions such as biopsy or polyp removal can be performed [6]. The standard withdrawal
time recommended by the Gastroenterologist Department of American Society is about 6-10
minutes [9]. This time may vary from one patient to another due to the number of detected
polyps or other therapeutic interventions.

1.3.5 Colonoscope
This section will introduce colonoscopy and the CSIRO simulator which have been used in our
experiments.
1.3.5.1 Colonoscopy
Since the advent of a new colonoscope generation in 1966, the colon surface has been imaged
with white light and standard optics [18]. The colonoscope model used in our experiments is a
190 HD Olympus (Figure 7) [41] with a power to capture 50 frames per second. The
colonoscope has a fisheye lens camera with 170 degree field of view, allowing comprehensive
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observation of the colon surface. The size of the image is 1352×1080 pixels. The tip of the
colonoscope includes channels for several surgical equipments (Figure 7). During a
colonoscopy, air or water jet channel can be used to inject CO2 to inflate the colon and facilitate
the movement of colonoscope; water jet can be used to clean the colon (the extra water or CO2
also can be removed through a suction channel). This colonoscope can also provide Narrow
Band Imaging (NBI) to enhance the visibility of mucosa surface.

Figure 7 Olympus Colonoscope (190 HD), images are borrowed from [41], [18].
1.3.5.2 CSIRO simulator
The CSIRO simulator has been developed by the CSIRO Biomedical Informatics Group, in
collaboration with experts from the Royal Brisbane and Women’s Hospital, The University of
Queensland (UQ) and the Queensland Health Clinical Skills Development Service (QH-CSDS)
[42]. The aim of this simulator is to address the shortcomings of existing simulators in order to
provide training beyond the novice level and reduce the amount of costly and risky on-patient
training [43]. Currently available simulators have been evaluated by independent studies as
being too easy “to learn to play the game”, lacking in visual realism which reduces the
immersion into the virtual environment and consequently, only useful for novice training [44],
[45]. The CSIRO simulator addresses these issues by combining physics-based models (Figure
8 a-b) and cutting edge visuals (Figure 9), rated by simulator experts as incomparably better
than what is currently available, with a unique parametric approach that allows for virtually
unlimited variations in the generation of realistic looking colon geometry (Figure 8c) [42]. The
simulator is currently being commercialised by one of the leading simulation companies in the
world, Surgical Science [46], with an expected full introduction to the market [47].
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Figure 8 a)The CSIRO Colonoscopy Simulator, b) Overview of the virtual colon and its
restrictions and fixations to its virtual environment, c) Screenshot of the editor environment
showing the contour of a haustral fold (yellow points) that allows for design of nearly unlimited
variations in colon geometry, images are generated from the CSIRO simulator [42].

Figure 9 The left panel shows an actual colonoscopy frame, and the right one is the simulated
frame from the CSIRO colonoscopy simulator, image is borrowed from [48].

1.3.5.2.1 Parametric model of the colon.
The parametric description of the colon geometry at the heart of the CSIRO Colonoscopy
Simulator allows generation of a realistic human colon [42], [49]. The parametric model
describes the colon as a series of connected chambers. Parametric equations describe the shape
of the cross-sectional profile of a chamber at the haustral folds and midway between the folds,
and parametric equations describing the longitudinal profile of the chamber. The overall shape
of the colon is described as a centreline upon which the individual chambers are superimposed.
The resulting model is unique as it shown in Figure 10. Importantly, because it delivers a 3D
mesh description of the colon mucosa, sections with unique geometry and shapes can be added
to simulate modifications due to surgical intervention or pathologies such as Ulcerative Colitis
or polyps.
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Figure 10 An example of a 3D mesh constructed with a succession of chambers and its
correspondence frame, which is generated by the CSIRO simulator [42].

1.4 Missed polyps rate is a limitation of colonoscopy
Colonoscopy is considered as the most effective method to diagnose colorectal cancer with a
sensitivity greater than 90% [1]. Colonoscopy has been shown to reduce colorectal cancer
incidence and cancer related death by removing cancerous polyps [3], [50]. Recent studies
revealed that there is a significant miss rate in detecting polyps during optical colonoscopy by
experts. The missed polyps’ rate varies from 25% to 33% as reported by different clinical
studies [4], [5] , [16], [51], [52]. This seemingly common miss of potentially cancerous polyps
is thus limiting the benefit that colonoscopy can provide.
There are several factors which have direct impacts on the amount of missed polyps’ rate
during colonoscopy such as polyp type and position, clinician’s skill, and full colon inspection
by camera.

1.4.1 Polyps type and position
As shown in Figure 3, polyps can be categorised into three types; adenocarcinoma,
pedunculated, and sessile polyps [32]. During a colonoscopy the sessile polyps are very likely
to be inspected but not recognised by clinicians [20], [22], [53]. Heresbach et al. [54], showed
that in a back-to-back optical colonoscopy, the chance of missing sessile and flat polyps were
29% and 32% respectively, whereas the missed rate for pedunculated lesions was only 5%.
Another challenge to recognising polyps is their position on the colon surface. Table 3
represents the number of missed polyp in different segments of the colon as reported by
Pickhardt et al. [20], 71% of missed polyps were located on folds.
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Table 3 characteristic of polyps missed at prospective colonoscopy evaluation [20]

1.4.2 Clinicians’ skill
Colonoscopy is hard to learn, mastering it requires extensive training on patients or simulated
colon [18], [21], [42], [55]. Coe et al. [56], showed that adenoma detection rate (ADR) could be
increased by better training endoscopists. According to Patel and Ahnen [57], one of the key
factors for improving colonoscopy quality relies on vigilant and well-trained endoscopists.
Kaminski et al. [58] and Zorzi et al. [59] also performed experiments to evaluate the effect of
endoscopists’ skill on the colonoscopy quality. Their results indicate the straight relation
between endoscopists’ skills and ADR. The lack of skills, therefore, is another challenge
regarding the missed polyps’ rate.

1.4.3 Full colon inspection
The colon is a flexible organ and it is a challenging intervention to navigate and visualise with a
colonoscope its entire internal surface. For instance, clinicians might not look at the backside of
a haustral fold hiding a polyp or when they find a polyp, they might direct the camera to the
area of that polyp missing other nearby lesions. This results in missing areas of the colon during
the inspection. We call those areas uncovered areas (UA).
Establishing the importance of missed rate and its impact on the quality of colonoscopy,
in this research, we aimed at improving the visualisation of the colon. This strategy could
address the issue of uncovered areas in colonoscopy, (also identified in recently published
studies [3], [15], [60], [61], [62], [63]). A complete visualisation of the internal colon surface is
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desirable, but it is still up to the clinician to properly identify any lesions. Our goal is to provide
assistance to the clinicians for reducing the areas not visualised by generating a visibility map
that identifies uncovered areas.

1.5 Current methods in assisting clinicians to improve the quality of
optical colonoscopy
The qualitative outcome of a colonoscopy procedure can be investigated using two main
approaches, which are explained as follows.

1.5.1 Medical approach
To increase the quality of colonoscopy and decrease the rate of missed polyps, quality
standards are established by professional gastroenterologist societies [9] such as good bowel
preparation, longer withdrawal time, or careful inspection of the colon. Defining and studying
those procedures are out of the scope of this research.

1.5.2 Technical approach
Adapting a new technology is another way to assist clinicians for improving the quality of
colonoscopy procedure and decrease the rate of missed polyps. In a first steps metrics based on
the standard colonoscopy procedure are introduced, which are then measured using computer
based methods [9], [11], [12], [64].
Even though the demand to improve the quality control for colonoscopy procedures is
increasing, publications regarding the quality of optical colonoscopy are mostly limited to
medical approach [3], [21], [55], [65]. Some researcher groups have however made significant
progress towards establishing new assistive technologies. The Mayo Clinic College of
Medicine [66] is a very active group in this field. Other studies have proposed new devices to
measure metrics introduced by the Mayo group [64] or added extra equipment to colonoscopes
such as third eye colonoscopes [67], [68]. In this section, we investigate existing quality metrics
and provide an overview of current assistive methods to assist clinicians during or after
colonoscopy procedure.
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1.5.3 Quality metrics
Some quality metrics have been introduced to evaluate the quality of colonoscopy [66]. They
are based on inspection time in the insertion or withdrawal phase or thoroughness of inspection
of the colon mucosa [11], [12]. These quality metrics are described next.

1.5.3.1 Insertion and withdrawal time
The overall insertion time determines the amount of time which has been spent to reach the
cecum (the very last part of the colon). To estimate the insertion time, the dolling camera
motion (DCM) was computed during colonoscopy procedure [12], and used to determine the
boundary between insertion and withdrawal phase [11]. The insertion time then was calculated
as the number of frames in the insertion phase per frame extraction rate [69].
The American Society for Gastrointestinal Endoscopy (ASGE) and American College of
Gastroenterology (ACG) guidelines recommended that on average, the withdrawal phase
during a screening colonoscopy procedure should at least takes 6-10 min [22], [55].
Measuring the general duration of withdrawal time (withdrawal phase) is similar to
insertion time estimation. The rate of adenoma detection has been shown to be correlated with
the fast withdrawal time [12].

1.5.3.2 Clear withdrawal time (CWT)
Although the long duration of the withdrawal phase may indicate a high quality inspection, in
some cases the quality of the colonoscopy procedure may not be satisfactory due to the
presence of uninformative frames [12]. These frames have no technical or clinical information
(e.g. dirty lens). Some studies showed that uninformative frames can compromise up to 30-50
% of the entire video stream [69], [71]. The CWT is defined as the duration of the withdrawal
phase without uninformative frames [69].

1.5.3.3 Careful inspection by measuring camera motion changes
The number of camera motion changes to the clear withdrawal time is another quality metric
which is introduced to measure the careful inspection of a colon segment. In general, constant
camera motion changes such as backward and forward displacement may imply a big effort by
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the clinician to precisely examine the colon, especially the less visible side of folds in the colon
[69].

1.5.3.4 Lumen or wall inspection
This metric is introduced to measure the percentage of the CWT that is spent for colon’s wall
inspections or the lumen inspections. This metric reveals how well the colon mucosa of the
wall has been examined [12].

1.5.3.5 Appendiceal orifice detection
Visualising the appendiceal orifice is another quality metric [5], which determines a complete
insertion of colonoscope up to the end of colon [72], [73]. The appendiceal orifice images could
be recognised by analysing a set of features based on geometric shape, saturation and intensity
changes [73]. Due to the large number of colonoscopies per annum, detecting appendix images
might be beneficial to determine whether a colonoscopy procedure satisfies the recommended
guideline by ASGE [73].

1.5.4 Polyp detection
There are extensive researches that already have been carried out to detect visible polyps during
optical colonoscopy [22], [24], [74]. An accurate polyp detection algorithm could reduce the
missed polyps’ rate and assist clinicians during a colonoscopy procedure. The problem arises
when a polyp is located in a place that has not been covered by clinicians, almost 74% of
missed polyps are located behind the fold [20]. Considering this, even the best polyp detection
methods are impractical when a polyp has not been in the camera field of view during
colonoscopy.

1.5.5 Uncovered areas detection
The lesions can be missed for two main reasons: either the location of the lesion was never seen
by the colonoscope, or the location was inspected but the lesion was not recognised. It is not
known what proportion of missed lesions can be attributed to either reason, but obviously, a
lesion cannot be recognised at all if the area where it is located has not been observed by the
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camera. Inspecting the whole colon mucosa for abnormalities is important as it reduces the
chance of missing polyps and increases the quality of colonoscopy procedure. Under optimal
conditions, it is expected that clinicians cover 90% to 95% of a colon for abnormalities [65],
but recent studies have revealed that only 81% of colon could be fully covered [19], [75]. This
number would be even higher for junior clinicians.
Uncovered areas can be categorised as; (i) Hidden Areas behind haustral fold (HA): an
area is hidden behind the haustral fold and has not been seen by clinicians. The amount of HA
depends on to the thickness of a fold and its location inside the colon. For instance, folds are
thicker in the transverse colon in comparison to ascending or descending colon. (ii) Uncovered
Areas which have not been observed (UA) or were out of camera field of view during
colonoscopy. For instance, when the camera is facing a part of the colon for a close inspection,
the area behind the camera would not be covered. Figure 11a shows some typical UA spots
[19].

Figure 11 a) Potential areas which have not been observed (UA)are shown as grey spots, b)
Hidden Areas behind haustral fold (HA), images are borrowed from [19] and generated by
CSIRO simulator [42].
1.5.5.1 Hidden areas behind haustral fold (HA):
To address the HA challenge, researchers have proposed a 3D reconstruction algorithm to
estimate the HA [14], [76]. In their proposed algorithm, the contours of the colon folds in each
frame were manually extracted as input, and then the depth and the slant angle of each fold
were computed. Using Cubic Bezier Curve interpolation between the folds the colon mucosa
was reconstructed [14]. Hong et al. [77] improved the proposed algorithm by automatically
detecting folds. The reconstruction of the colon by this method could be used to highlight HA
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from each frame which has fold during a colonoscopy procedure. In other words, this method
only worked if the camera observed the colon lumen.
Another method proposed by Liu et al. [76] to detect the HA is based on image
processing rather than 3D reconstruction and computer vision. It is desirable to inspect all
quadrants of the colon wall by experts while the endoscope is gradually withdrawn. To achieve
this, in their method a quadrant coverage histogram was built to calculate the number of
inspected quadrants of the colon wall during the withdrawal phase of colonoscopy [76].

1.5.5.2 Uncovered Areas (UA)
Estimating areas that have not been fully covered during colonoscopy UA is a challenge as if
detected could provide feedback to clinicians for increasing their awareness. Addressing this
problem has been the goal of this work, and we proposed a novel framework to estimate UA,
explained in the following chapters. Determining and estimating the hidden area behind
haustral folds were out of the scope of this study.

1.5.6 Summary of the currents quality metrics and assistive technologies for
improving the quality of colonoscopy and our proposed method
Quality metrics proposed by Mayo could be summarised as follows: (i) Colonoscope insertion
and withdrawal time, (ii) clear withdrawal time, (iii) careful inspection by measuring camera
motion changes, (iv) lumen or wall inspection, and (v) appendiceal orifice detection. Estimation
of these metrics with the analysed information obtained from audio recording during
colonoscopy by the clinician could determine the quality of a colonoscopy procedure. Since the
metric tools to estimate Mayo quality parameters are not objective. A colonoscopy evaluation
system called Colometer was developed by Filip et al. [78]. The Colometer consists of an
embedded system that can automatically measure: (i) the quantity of stool and waste matter
existing within the patient during a colonoscopy procedure; (ii) withdrawal velocity; (iii) image
clarity; and (iv) the colonoscope direction and travelled distance [64].
Other assistive technology such as polyp detection or HA detection also were
investigated to improve the quality of colonoscopy. It is important to note that even the best of
polyp detection methods would not be able to localise a polyp that has not been seen during
colonoscopy. On the other hand, the HA detection algorithm proposed by other research groups
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[14], [76], [77] is limited to the estimation of the hidden area behind haustral folds. Since HA
method is based on edge detection to create the 3D reconstruction of a colon segment from one
frame, it is unable to provide a general feedback for the whole colonoscopy procedure.
Additionally, without extra information, the amount of the surface that can be adequately
reconstructed would largely depend on the quality of the video and particularly, the visibility of
the colonic lumen and complete haustral folds. Considering the importance of covering whole
colonic surface for detecting polyps, and the lack of a general feedback, it is necessary to
propose a new method by which a general feedback could be generated for the whole areas that
have been covered by clinicians during colonoscopy.
The shortcoming of the current methods for providing a general feedback during or after
colonoscopy for clinicians led to developing a new technology by Automatic Real-time
ENdoscopy Assistance (ARENA) team at CSIRO. Our proposed technology is about detecting
uncovered areas which have not been observed due to being out the camera field of view or as a
result of specific manoeuvres performed by clinicians (uncovered area thereafter). The main
reason of detecting uncovered areas and providing a feedback as a visibility map is to assist
clinicians and increase their awareness of uncovered areas. Consequently, this could lead to a
reduction in missed polyps’ rate.
Our research project is not about the evaluation of the inspection quality where the
known evaluation criteria are not just visualisation rates but include withdrawal time, clarity,
distension and observation techniques [79], [80], but about the evaluation of the amount of
uncovered areas which impacts directly the missed polyps’ rate as there is a fairly even
distribution of adenomas throughout the large bowel [81]. During colonoscopy, the areas where
a complete view of the lumen and folds are challenging to obtain (e.g. in the Sigmoid and
around the Splenic and Hepatic flexures), our system would have a clear advantage.

1.6 Research questions
The main hypothesis of this thesis: detection of uncovered areas can be done automatically
from the colonoscopy video. Our research investigated the following aims:
1. Whether it is possible to generate a map from internal colon surface (visibility map) by
estimating camera motion parameters?
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2. Whether it is possible to classify colonoscopy video frames and distinguish
uninformative frames using motion and colour features?
3. To what extent uncovered areas detection can increase the awareness of clinicians about
areas where they might have missed during colonoscopy intervention?

1.7 Thesis contributions
To address challenges with regards to the uncovered area (UA) detection during optical
colonoscopy, a novel unified framework is proposed to map the colon surface from
colonoscopy videos into a visibility map. Our algorithm consists of computer vision and image
processing techniques and that our contribution compromises of the following stages:


As a first step, we proposed a novel method to classify uninformative frames (frames
with no technical or clinical information) during optical colonoscopy. The presence of
such frames could hamper our computer vision based algorithm in estimating camera
parameters and consequently degrade the whole framework of generating the visibility
map. We showed that utilising the features, which were used to estimate camera
parameters, and the Random Forest classifier, could lead to an accurate frame
classification, and a reduction in the complexity of computation.



We then investigated methods to estimate camera parameters and proposed a robust
computer vision pipeline. While computer vision methods are inexpensive, some of
these methods might lead to a drift in camera motion parameters. To reduce the drift we
proposed a novel method to correct the camera motion parameters from the visibility
maps generation step. The results from camera motion estimation were used to generate
a visibility map of the internal colon surface. Our results showed that such a map could
increase awareness of the clinicians with regards to uncovered areas during
colonoscopy, and hopefully reduce the missed polyps’ rate.

We believe that a computer system analysing colonoscopy video could inform clinicians about
uncovered areas during the procedure and generate a friendly informative report after the exam.
With the best of our knowledge, there has been no prior framework to generate such a map
from colonoscopy videos to provide a general feedback. We envision that a standard computer
will be located in the operating room. It will receive the video feed from a clinical endoscope
and provide overlays showing probable uncovered areas. After the exam, a report will be
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generated with a 2D map of the exposed internal colon surface including quantitative metrics
about the intervention.
We only aim to identify uncovered areas that could contain lesions; we do not plan to
recognise lesions automatically. This task will be left to the physicians or to future work. The
ability to recognise lesions automatically could be investigated in the future, once the benefit of
automated uncovered area detection has been shown.

1.8 Publications
Some of our attempts, which addressed challenges in generating a visibility map, have been
published or submitted as peer reviewed papers and are listed as follows:

1. M. A. Armin, H. De Visser, G. Chetty, C. Dumas, D. Conlan, F. Grimpen, and O.
Salvado, “Visibility Map: A New Method in Evaluation Quality of Optical
Colonoscopy,” in MICCAI 2015, vol. 9349, N. Navab, J. Hornegger, W. M. Wells, and
A. F. Frangi, Eds. Cham: Springer International Publishing, 2015, pp. 396–404.
(http://link.springer.com/chapter/10.1007%2F978-3-319-24553-9_49)
2. M. A. Armin, G. Chetty, F. Jurgen, HD. Visser, C. Dumas, A. Fazlollahi, F. Grimpen,
O. Salvado, “Uninformative Frame Detection in Colonoscopy through Motion, Edge
and Color Features”. International workshop on computer -assisted and robotic in
MICCAI 2015. doi: 10.1007/978-3-319-29965-5_15.
(http://link.springer.com/chapter/10.1007%2F978-3-319-29965-5_15)
3. M. A. Armin, G. Chetty, H. De Visser, C. Dumas, F. Grimpen, and O. Salvado,
“Automated Visibility Map of the Internal Colon Surface from Colonoscopy Video”,
International Journal of Computer Assisted Radiology and Surgery (IJCARS), doi:
10.1007/s11548-016-1462-8.
(http://link.springer.com/article/10.1007%2Fs11548-016-1462-8)
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1.9 Thesis outline
The main goal of this thesis is to describe a novel framework to generate a visibility map,
which can highlight possible uncovered areas during the colonoscopy procedure, and
consequently assist clinicians. The schematic of our proposed framework is shown in Figure
12. We break down the main framework into four sections which are explained in each Chapter
as follows. Chapter 2 reviews state of the art methods in classifying colonoscopy frames and
presents our novel method in classifying the colonoscopy frames. Chapter 3 investigates the
current methods in estimating camera parameters and proposes a method to estimate camera
motion parameters from colonoscopy video. Chapter 4 is about the colon model, generating
visibility map using camera parameters, and correcting camera location (drift) from visibility
map. We conclude the thesis with conclusions and future work in Chapter 5, and finally, some
key references used are listed in the Bibliography Section.

Figure 12 The main processing steps of our framework to generate a visibility map and detect
uncovered areas to provide a general feedback for clinicians.
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Chapter 2 Classification of colonoscopy frames
2.1 Introduction, motivation and chapter outline
One of the main challenges for clinicians is to estimate the position of the endoscope inside the
colon, as any incorrect localisation (e.g. cancerous polyps location), can be destructive for the
following surgery [18]. A software solution to help with navigation would be desirable to
reduce localisation problem [26], [27], [28], [82]. As a part of our computer aided system
development to generate a visibility map, we need to determine the camera motion parameters
relative to the colon surface from colonoscopy video frames. Every colonoscopy video
comprises of a large number of frames that provide no clinical or technical information (we call
them uninformative frames). These frames are a result of cleaning the colon surface for better
inspection, close colon wall view or especial manoeuvres, which have been done to navigate in
complicated parts of the colon such as the splenic flexure. The presence of uninformative
frames hampers our camera motion estimation algorithm. Furthermore, these frames affect the
efficiency of algorithms by which the quality of colonoscopy are estimated [83], [84]. Thus, it
is desirable to automatically recognise uninformative frames and exclude them from the further
computation. Removing uninformative frames not only increase the efficiency of the postprocessing time of a colonoscopy intervention, but also enhance the accuracy of polyp
detection algorithms [85]. To distinguish uninformative frames from informative ones, we
propose a novel method using Random Forest classifier with the following features; the
percentage of edge pixels, the mean and standard deviation of intensity in hue-saturation-value
colour space colour, and motion features. The key advantage of our proposed method over the
existing colonoscopy uninformative frame classification is the application of motion features.
These features are simultaneously used to estimate camera motion parameters and consequently
reduce computational burden. The method is validated on four colonoscopy videos that were
manually classified. The proposed features are favourably compared to existing techniques for
detecting uninformative frames. The rest of this chapter is organised as follows; firstly, we
review prior features and classification methods, not only in colonoscopy, but also in other
endoscopy technique such as Wireless Capsule Endoscopy (WCE). Our novel method is
explained in section 2.3 following by the dataset, experimental evaluation and results. The final
sections are discussion and conclusion.
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2.2 Literature Review and Related Work
2.2.1 Colonoscopy frames
Most of types of endoscopes usually are equipped with a small camera at the tip. During
endoscopy, the camera generates a video signal from internal organs (e.g. lung, intestine or
colon), which are displayed on a monitor for real-time examination. Endoscopic video streams
contain many frames with no or little clinical information such as frames captured when there is
a close inspection of the colon wall, dirty lens, or colon cleansing. In Figure 13, some examples
of colonoscopy frames are illustrated.
We have categorised colonoscopy frames as informative or uninformative. The
informative frames include a clear shot of the lumen (Figure 13 a-b) or wall (Figure 13 c-d).
Uninformative frames are a result of the following operations during colonoscopy: (i) Out-offocus frames: current colonoscopes are unable to perform auto focusing operation and that
generates blurred frames, (ii) Colon cleansing frames: when there is a need for better inspection
of a certain area which is covered by stool or blood, clinicians inject a water jet to clean the
area (water), (iii) Lens contact frames: when lens makes a contact with the colon wall with
various levels of illumination (indistinct) or indistinct, with big bubbles or a bubbles’ colony
that reduces the clinical information in a frame (Figure 13 e-h). The uninformative frames
decrease the quality of colon inspection by clinicians and may hinder our camera motion
estimation algorithm. Some studies showed that in average uninformative frames could
comprise up to 30–50 % of the entire video stream [71], [86], [87]. This emphasises the
importance of detecting and removing uninformative frames.
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Figure 13 First row is an example of informative frames, lumen view (a and b), wall view (c-d),
and second row represent uninformative frames: e) blurred, f) water, g) indistinct, h) indistinct
with bubble.

2.2.2 Features used for endoscopy frame classification
There are several features by which frames have been classified. These features are chosen
based on the nature of the endoscopy video, purpose of classification and computational time.
This Section provides a review of the most common features, used generally for endoscopic
frame classification.

2.2.2.1 Colour features
Colour features produce practical information which can be used not only to classify endoscopy
frames, but also to automatically recognise abnormalities [87], [88], [89], [90], [91], [92], [93].
Colonoscopy frames are normally captured under white light and presented in the Red-GreenBlue (RGB) colour space, for human perception. Since the human vision system is able to just
partially process the incoming information [94], [95], other colour spaces are also adapted to
retrieve information from endoscopic frames [84], [91], [93], [96], [97]. More details about
different colour spaces and their application in image processing and computer vision can be
found here [98], [99]. The RGB colour space is sensitive to illumination and colour changes
[100]. Other colour spaces such as the Hue-Saturation-Value (HSV) colour space have shown a
better ability in dichotomizing chromaticity (hue and saturation) from luminance [88]. This
property made them better option for colour based classification. The HSV is popular in colour
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feature extraction from endoscopic frames [86], [90], [97], [101], [102]. Colour features are
represented through different descriptors such as colour histogram, colour layout, colour
coherence vector, and colour correlogram [103], [104], [105], [106], [107], [108]. The colour
histogram is a prominent way of analysing image information, as it is simple to compute, and
relatively stable with regards to the changes in image scale, partial occlusion, and camera view
[104]. Colour features also are calculated by determining the mean and standard deviation of
each colour channel [109].
In medical image processing, colour features are widely used to extract critical
information and assist clinicians in detecting abnormalities [91], [110], [111], [112]. For
instance, Wireless Capsule Endoscopy (WCE) process takes almost eight hours to record a
video from the intestine, and clinicians should visually investigate the entire video to detect
abnormalities [91]. By mean of colour features this tiring process can be reduced and cancerous
polyps or bleeding areas can automatically be spotted during or after the procedure [91], [113].
Colour features are also used to classify informative frames in WCE videos [88]. In
colonoscopy videos, colour features are important, because not only the abnormalities [111],
[114] and instruments are recognisable by these features [97], but also frames can be classified
[115]. Additionally, colour features are utilised to recognise stool region, blood, bite-block in
colonoscopy videos [93], [84] or determine wall or lumen view [116] to measure the quality of
colonoscopy procedure.

2.2.2.2 Texture features
Unlike colour features, there is no precise definition for texture features [117], [118]. The
texture can be defined as the natural property of an image, which provides crucial information
about the image content [102], [118]. In medical images, tissues and blood vessels carry
perceivable textural appearance which can be used for image classification [71], [91], [119],
[120].
Texture features, which are used for image analysis should thoroughly describe
information about the textural characteristic of the image [121]. Texture features which are
commonly used for content based image retrieval (CBIR) and image classification are roughly
categorised into four groups as follows [122]: (i) Statistical features: these features are known
as the early texture features by which the spatial distribution of grey value has been statistically
analysed. Some common examples are autocorrelation function and co-occurrence matrices
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[119], [123], [124]. (ii) Texture features based on Signal Processing: these features are
calculated by applying a filter in spatial domain or in the frequency domain of images to extract
textural information. Gabor features [125], [126] , wavelet transform and decomposition[127],
[128], [129] are typical examples of the signal extracted features, (iii) Geometrical texture
feature: in the geometrical approaches, textures are considered as a combination of texture
elements, and they are dependent on the location of feature elements in the image [122], (iv)
Model based texture features: these features are computed from the model by which an image
is constructed, and apart from describing features, they can synthesise it as well. Gaussian
Markov random fields is a prominent method for modelling images and extract textural model
[130], [131].
From the above texture features, statistical (the grey level co-occurrence matrices
(GLCM)) and signal based (wavelet decomposition transform and discrete Fourier transform)
are used to classify colonoscopy frames to informative and uninformative group [71], [86],
[87]. These features are also employed in other medical images such as WCE images to detect
informative frames [88], and determine abnormalities [91], [113], [132], [133] colon status
[96], [102] or even to segment endoscopy videos or images [92], [134].

2.2.2.3 Edge features
Edge detection is a process that can identify and localise discontinuities in an image [135],
[136]. By applying edge detection algorithms on an image, the amount of data in the image is
extremely reduced, and remaining edges represent the structural properties of the image [137],
[138]. This edge information is the fundamental base for many different image processing
techniques such as 3D shape reconstruction from images [139], [140], [141], image
segmentation [135], [142], or object recognition (e.g. detecting blood vessels) [143] . There are
several edge detection techniques by which edges in an image can be extracted such as Prewitt
[144], Roberts [144], Sobel [145], or Canny [146] operators. The edge detection process
pertains of three steps as follows: (i) Filtering: in this step the effect of noises such as salt and
paper or Gaussian noise is reduced, (ii) Enhancement: The edge detection is based on
determining the discontinuity between pixels’ value. By calculating the gradient magnitude of
pixel values the dramatic changes in local intensity can be emphasised, (iii) Detection: by
applying a thresholding method the edges are determined [135].
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Edge detection is known as a pre-step of a variety of medical image processing
algorithms. For example, edge detection is used to distinguish Polyps [23], [25], determine the
end of insertion phase in colonoscopy procedure (by detecting orifice) [72], [73], segment and
register images [147], [148]. The application of edge detection algorithm in detecting
uninformative frames from colonoscopy videos is introduced by Oh et al. [71] and An. et al
[149].

2.2.2.4 Other types of features
Besides the mentioned features, there are other features that are used in image classification and
retrieval. These features are as follows; (i) Shape features: that consist of circularity, moment
invariants, Fourier descriptors, aspect ratio, consecutive boundary segments [150], [151] (ii)
Spatial location features: that are used mostly in region classification, for example, sky and sea
could provide same colour and texture features, while their spatial location is different [118].
(iii) Local image descriptors: these features represent a distinctive structure of points in an
image that can be used for image matching or object recognition, scale invariant feature
transform (SIFT) [152], speed up robust features (SURF) [153], Kanade Lucas Tomasi (KLT)
[154]are examples of local image descriptors. More information with respect to features with
their definition can be found here [155].

2.2.3 Machine learning
While features provide useful information with regards to the content of images, the application
of machine learning techniques is necessary to semantically derive high-level information from
features and classify images in most of the CBIR methods [118]. Features can be used
separately, or a combination of different features can be used along with a machine learning
algorithm to classify or segment images [155], [156]. In general, computational techniques for
image classification are divided into supervised or unsupervised machine learning approaches
[118], [157].

2.2.3.1 Supervised learning
In supervised learning, the aim is to infer a function from a set of labelled training data [158].
This function can predict the value of labelled test data [118]. The Support vector machine
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(SVM) [159], [160], Bayesian classifier [161], [162], Neural network (NN) [163] are
supervised learning techniques which are commonly used to learn high-level concepts from
image features, and classify them [118].
It has shown in [164] that traditional learning algorithms have the following problems: (i)
For a large database there is a need to manually label training samples , which is a tiring
process, besides large data increases the chance of incorrect labelling. (ii) The size of the
training set is always constant, and any changes in the application domain can reduce the
efficacy of the classifier, and it is necessary to provide new labelled samples. These problems
are tackled by introducing a bootstrapping approach by Feng et al. [164].
In addition to the above algorithms, decision trees [165], [166] and Random forests (RF)
[167], [168] are also other supervised methods, which are used to classify images. The decision
tree is based on building up a structured plan by partitioning the input features into a set of nonoverlapping spaces, from the root to leaves of each path specific rules can be obtained [118].
Random forests are derived from decision tree concept, and consist of a collection of tree
predictors [167].
In comparison to other learning methods, decision tree learning based methods are easier
to understand and robust to noisy and incomplete input data [169]. It is also shown, that
application of RF increases the efficiency of image retrieval [168].

2.2.3.2 Unsupervised learning
The aim of unsupervised learning is to organise and cluster images in a dataset, and unlike
supervised technique, this task is performed without any prior knowledge of labelled training
data [118]. These methods divide images into different clusters such that the similarity within
images in each cluster being maximised, and that each extracted cluster represents a class of
images which are expected to be similar to each other [118].
The k-means clustering and its variations are prominent unsupervised learning methods,
not only for image clustering but also for medical image segmentation [170], [171]. By kmeans clustering, the Euclidean distance between features and corresponding cluster centre is
minimised to group images to k number of clusters [172]. To automate the clustering in image
retrieval process, a combination of pair-wise constraints k-means (PCK-means) [173] is
introduced, which is a variation of k-mean clustering, used along with a semi-naive Bayesian
method [162]. The complexity of features distribution in an image dataset always reduces the
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efficiency of traditional k-mean clustering in grouping images [174]. To address this problem,
the Normalized cut (NCut) clustering technique is introduced in [175]. The application of this
technique has shown promising results in the image segmentation and clustering [175]. Other
clustering methods are also developed to deal with large databases, new feature points, and
robustness of clustering images, which are listed as follows; the locality preserving clustering
(LPC) method [174] and the maximum-likelihood or ML classifier [176].

2.2.4 Uninformative frame detection
In recent years, a few studies have reported automated identification of uninformative frames
from endoscopy videos. In 2003, Oh et al. [87] From Mayo college of medicine [66], proposed
an edge feature based method to determine uninformative frames in a colonoscopy videos [87].
In their method, the colonoscopy frames are categorised to informative, ambiguous and noninformative (blurry) groups. They introduced and measured the isolated pixel ratio (IPR) for
each frame. The IPR represents a number of edge pixels that have no connection with other
edge pixels to all edge pixels in a frame. An upper and lower threshold of IPR was
experimentally calculated and frames with an IPR smaller than lower threshold classified as
uninformative frames.
The edge based method suffers from two problems: (i) Specular reflection: in
colonoscopy frames, light reflection provides extra edges, and hamper uninformative frame
detection (ii) IPR threshold values: the upper and lower thresholds were experimentally
calculated, for each database, there were several threshold values. Once they estimated, it was
not clear which one was the right option. There was a need to automatically determine the most
efficient threshold. These problems were addressed by detecting and removing the specular
reflection along with texture feature analysis and a k-means clustering [71]. Although,
uninformative frame classification through clustering was more efficient, it needed more
computational time in comparison to edge detection algorithm [71]. These methods are postprocessing, and only provide useful information for clinicians or computerised image
processing applications after colonoscopy procedure.
Since a fast and effective method for detecting uninformative frames is demanding,
Arnold et al. [86] proposed a Bayesian classification method to analyse the signal texture
feature to classify colonoscopy frames. The texture feature used as input to Bayesian classifier
is the energy of the detail coefficients of the wavelet decomposition of a given image. The
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reason of using this texture feature is that low contrast frames have a lower value of the norm
of the detail coefficients and that they are more likely to be identified as uninformative frames.
They reported 92.3% accuracy only in detecting indistinct frames, which have no beneficial
clinical information, an example of an indistinct frame is shown in Figure 13(g).
In WCE videos, a combination of colour and texture features with a supervised SVM is
used to detect uninformative frames [88]. The colour feature is the histogram of each channel
of the HSV colour space, by these features highly contaminated frames (frames include food,
faecal materials) can be determined. The texture feature is a Gauss-Laguerre Transform (GLT)
based multi-resolution norm-1 energy feature, which is effective in detecting bubbled frames.
The comparison of the GLT features with other signal features such as Gabor and wavelet
features showed that the GLT features is a better candidate for detecting frames covered with
bubbles. This is because GLT normally generates high contrasted feature, which has a high
correlation with bubble patterns.
The application of different features and machine learning algorithms is not limited to
recognising uninformative frames from endoscopy videos. Other applications for colonoscopy
videos includes: (i) Analysing the colon status for abnormalities, and extract frames which
correspond to a therapeutic or diagnostic operation [96], [177], (ii) Detecting colonoscopy
frames with objects in them such as stool or blood and measure the quality of colonoscopy
procedure [93], (iii) Using a semi-supervised method to discard non-informative region of a
colonoscopy frame to increase efficiency of further image analysis techniques [134].

2.2.5 Limitations of existing methods
As it is mentioned before, as a whole, we aim at estimating camera motion parameters and
simultaneously identifying uninformative frames during a colonoscopy procedure. The current
methods just cluster colonoscopy frames [71], which is a post-processing algorithm and even
supervised methods can detect a specific type of uninformative frames [86]. Liu et al. [178],
showed that a robust camera motion estimation from colonoscopy videos could be achieved
when there were some uninformative frames in the colonoscopy video stream. In their approach
to remove uninformative frames, they used a bluer frame detection technique, the gradient of
intensity pixel, colour, and signal features along with Bayes classifier [179]. This method
increased the burden of computation during camera motion estimation. To address the above
shortcomings, we proposed a new method to detect uninformative frames from colonoscopy
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videos by using motion features (which are utilised for estimating camera parameters) and the
colour features. Additionally, random forest (RF) which shows high performance in image
retrieval (see section 2.2.3), was also used to generate a model from feature vectors obtained
from a labelled training dataset, and that could recognise uninformative frames during camera
motion estimation process without imposing any extra computation to the system.

2.3 Proposed method
The outline of the proposed method to classify colonoscopy frames is shown in Figure 14. In
this study, we investigate several features and use a Random Forest (RF) [180] classifier to
detect uninformative frames. As the first step, all image frames were converted to the HueSaturation-Value (HSV) colour space and smoothed using a Gaussian filter (By applying a
Gaussian filter we aim at removing the noise, as well as moving mildly blurred frames to the
blurred category). Subsequently, three shape-feature descriptors were investigated based on the
following assumptions: (i) Consecutive uninformative frames results in a lower number of
features detected by motion flow. For this, we computed the number of features detected by the
Kanade Lucas Tomasi (KLT) tracker [154]. (ii) Uninformative frames such as Figure 13 (f-h)
appear with a uniform colour distribution. To further emphasise on the colour aspect, HSV
colour space was considered for computing the mean and standard deviation (STD) as features.
(iii) Those uninformative frames which are blurred or mildly blurred have fewer sharp edges
than a typical good quality colonoscopy image; for this, we computed the percentage of edge
pixels. The motivation of using these features is to utilise features currently computed for
camera motion estimation to classify colonoscopy frames. This can also reduce the complexity
of uninformative frame detection.
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Figure 14 The schematic of the proposed method for classification of colonoscopy frames.

2.3.1 Feature detection
2.3.1.1 Number of feature descriptors computed by KLT from Saturation channel
The saturation colour channel of HSV images was used to extract and track features by the
KLT method. This channel was used because our camera estimation parameters empirically
obtained a better performance in feature detection. The KLT method detects corner like
features with high contrast by measuring the minimum eigenvalue of each 2×2 gradient
matrices in a frame. The displacement of selected features between consecutive frames was
estimated by using an optimizer to minimise the difference between two feature windows for
the image intensity. To address the large displacements, a pyramid based approach was used to
track features.
Based on our assumption, frames with low numbers of features should have inadequate
information to be used for camera motion estimation, and should be classified as uninformative
frames. The number-of-features detected on a set of informative and uninformative frames are
shown in Figure 15.
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Figure 15 Number of features detected by the Kanade Lucas Tomasi (KLT) for several
informative (1-2) and uninformative (3-6) frames using the Saturation colour space.

2.3.1.2 Colour features from HSV colour channel
While colonoscopy images are commonly presented in RGB colour space, the HSV colour
space has shown a better ability in dichotomizing chromaticity (hue and saturation) from
luminance [88]. Frames with no information such as the ones captured from a close inspection
of the colon wall (Figure 13 (g-h)) or during colon cleansing have a distinct signal from
informative frames. Such distinction can be estimated by computing the STD and mean of the
three HSV channels. The STD of hue, saturation and value for a set of informative and
uninformative frames are shown in Figure 16.
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Figure 16 a) The STD of Hue, b) Saturation, and c) Value for several informative (1-2) and
uninformative (3-6) frames.

2.3.1.3 Percentage of edge pixel features estimated from Value channel
To detect uninformative frames, we analysed the percentage of the edge pixels as the number of
the edge pixels to all pixels in a frame. The edges were detected by using the Canny edge
detector [146] from the Value channel. The percentage of isolated pixels introduced by Oh et
al. [71] was also estimated for comparison.
Based on our experiments, frames with a higher percentage of edge pixels were
informative whereas uninformative frames (including blurred, mild blurred and indistinct) had
a lower percentage. Reflections can increase the number of edges, especially when there are
bubbles or a water jet for cleaning the colon. The reflection effect was removed by generating a
mask using an automatic Otsu thresholding from a frame in the Saturation channel. The
percentage of edge pixels on a set of informative and uninformative frames is shown in Figure
17.
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Figure 17 Percentages-of-edge-pixel to all pixels for different types of colonoscopy frames
(1and 2 represent informative and 3 to 6 represent uninformative frames) using the Value
channel and Canny edge detector.
2.3.1.4 GLCM as statistical feature
Table 4 shows some of the widely used statistical features, which are derived from cooccurrence matrices (known as grey level co-occurrence matrices (GLCM) ) with their
definition as proposed by Haralick [181].
Table 4 Features estimated from co-occurance matrices
Feature

Formula

Entropy

∑ ∑ 𝑃(𝑖, 𝑗) ∙ 𝑙𝑜𝑔𝑃(𝑖, 𝑗)

Energy

∑ ∑ 𝑃 2 (𝑖, 𝑗)

Homogeneity

∑ ∑

Contrast

∑ ∑ (𝑖 − 𝑗)2 𝑃(𝑖, 𝑗)

Dissimilarity

∑ ∑ 𝑃(𝑖, 𝑗) ∙ |𝑖 − 𝑗|

Correlation

𝑖

𝑖

𝑖

𝑖

𝑖

𝑗

𝑗

𝑗1

𝑃(𝑖, 𝑗)
+ |𝑖 − 𝑗|

𝑗

𝑗

∑𝑖 ∑𝑗(𝑖 − 𝜇𝑥 )(𝑗 − 𝜇𝑦 )𝑃(𝑖, 𝑗)
𝜎𝑥 𝜎𝑦
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where 𝑃(𝑖, 𝑗) represents the probability of a certain value in the co-occurrence matrices,
and (𝜇𝑥 , 𝜇𝑦 , 𝜎𝑥 , 𝜎𝑥 ) are horizontal and vertical mean and variance of the P matrices.

2.3.1.5 Random Forest classification
To classify frames into informative and uninformative classes, a binary Random Forest (RF)
classifier [167], [180] was used. On all available frames, feature metrics, including number of
motion features, mean and STD of each colour channel, and percentage-of-edge-pixel were
calculated. In a colonoscopy video, consecutive frames may provide similar information which
reduces the efficiency of the RF classifier if selected together. Considering this, prior to
classification, all the informative and uninformative sequences were divided into half. We used
the first half for training and second half for testing. The parameters used for RF training were:
100 trees, sample selection without replacement, and a node size of maximum 2.

2.4 Dataset
The data used for preparing this study were collected from four colonoscopy videos of different
parts of the colon from different patients. Videos were captured by a 190HD Olympus
colonoscope, with 50 frames/sec with a frame size of 1856×1044 pixels. A medical expert
manually marked videos for uninformative frames. The details of our experimental videos are
shown in Table 5.
Table 5 Dataset used in our experiment to detect uninformative frames
Dataset

Uninformative
Frames

Informative
Frames

Total Frames

Informative and
Uninformative Sequences

Patient 1

1205

1295

2500

2×30

Patient 2

112

1888

2000

2×14

Patient 3

201

1498

1699

2×11

Patient 4

702

2368

3070

2×40

Total

2220

7049

9269

190

2.5 Experimental evaluation
To compare the effectiveness of the proposed feature descriptors with similar studies, the grey
level co-occurrence matrices (GLCM) and percentage-of-isolated-pixel (IPR) [71] were also
37

included. To evaluate the performance of the proposed detection technique, sensitivity,
precision, specificity and accuracy were considered. We define uninformative frames as
positives and informative frames as negatives.
𝑃𝑒𝑟𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑡𝑝
𝑡𝑝 + 𝑓𝑝

𝑆𝑒𝑛𝑠𝑒𝑡𝑖𝑣𝑖𝑡𝑦 =

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑡𝑦 =

𝑡𝑛
𝑡𝑛 + 𝑓𝑝

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑡𝑝
𝑡𝑝 + 𝑓𝑛

𝑡𝑛 + 𝑡𝑝
𝑡𝑝 + 𝑓𝑝 + 𝑡𝑛 + 𝑓𝑛

where, 𝑡𝑝 denotes number of true positives (i.e., frames that were correctly classified as
uninformative), 𝑡𝑛 is the number of true negatives, 𝑓𝑝 represents number of false positives (i.e.,
informative frames that were incorrectly classified as uninformative) and the number of false
negatives is shown by 𝑓𝑛 .

2.6 Results
Two representative examples of the KLT, edge and colour features computed on informative
and uninformative frames are illustrated in Figure 18 and Figure 19. A high number of motion
vectors and edge pixels were identified for informative frames which demonstrate the potentials
of the proposed features.
The performance of the above mentioned features in detecting uninformative frames
using RF classifier is shown in Table 2. The collective performance of the proposed features,
with accuracy of 94% and specificity of 97%, compares favourably to GLCM+IPR features,
with accuracy of 92% and specificity of 96%.The calculation time on average for KLT features
computation was 0.16 seconds/frame whereas 0.072 seconds/frame was spent for GLCM
feature calculation by using a standard PC, MATLAB, and non-optimized scripts.
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Figure 18 a) The proposed motion, b) edge features computed on a representative informative
frame, c) the reflection mask, and (d-f) three HSV channels. The mean (μ) and STD (σ) features
are also shown on each colour space.

Figure 19 a) The proposed motion, and b) edge features computed on a representative
uninformative frame, c) the reflection mask, and (d-f) three HSV channels. The mean (μ) and
STD (σ) features are also shown on each colour space.
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Table 6 The performance of different feature descriptors on identifying uninformative frames.
Classification results
Feature

Precision

Sensitivity

Specificity

Accuracy

KLT

0.83

0.72

0.97

0.93

STD colour

0.62

0.36

0.96

0.85

Mean colour

0.76

0.55

0.96

0.90

Percentage of edge pixels

0.75

0.51

0.97

0.89

All proposed features

0.86

0.75

0.97

0.94

GLCM

0.76

0.64

0.96

0.91

IPR

0.49

0.32

0.90

0.75

GLCM+IPR

0.79

0.67

0.96

0.92

2.7 Discussion and future work
This chapter proposes a method based on the KLT motion, colour and edge features for
detecting uninformative frames as the initial stage of our main pipeline for camera motion
estimation algorithm. The proposed features were evaluated using a binary Random Forest
classifier and obtained 86% precision, 75% sensitivity, 97% specificity, and 94% accuracy.
In the present work, the KLT motion features were proposed as a metric for identifying
uninformative frames. To increase the number of these features in each frame, the HSV colour
space was found more suitable. More importantly, motion features were already available for
estimating camera motion in our algorithm which will reduce the computational complexity.
Besides, there are some frames, e.g. wall view, with fewer textures compared to lumen which
will result in fewer motion features. To identify these frames, colour information in HSV
colour space was calculated.
While the aim of this study was to investigate the feasibility of using KLT features which
were concurrently computed for camera pose estimation to classify colonoscopy frames, adding
more features such as GLCM, IPR or wavelet as used in literature might improve our method in
classifying more complicated colonoscopy frames. For instance, these features might be useful
when colour features show a partial overlapping between a subset of uninformative and
informative frames. Furthermore, this approach can be used in endoscopy videos such as
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bronchoscopy and wireless capsule endoscopy to remove uninformative frames during camera
motion estimation.
The main limitation of the current study is the small dataset size, increasing the number
of frames might slightly change the reported performance. In future work, we aim to validate
our method on a bigger dataset acquired from different colonoscopes with different field of
view and resolution. A diverse colonoscopy video datasets from different patients will allow us
to validate the proposed features with other training approaches for RF classifier such as onevideo-leave-out approach and clustering-based methods such as K-mean clustering.
Furthermore, other feature descriptors such as SIFT or SURF will be investigated.

2.8 Conclusion
This study demonstrated that KLT motion, colour and edge features can together provide
effective detection of uninformative colonoscopy frames. The proposed method can be
performed simultaneously with camera pose estimation. This would reduce the computational
burden and necessity to compute other complex features for uninformative frame detection.
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Chapter 3 Camera motion estimation from optical colonoscopy
3.1 Introduction, motivation and chapter outline
Among screening methods, optical colonoscopy is the most acceptable method in detecting and
removing cancerous polyps [3], [182]. In Australia alone, about 500,000 colonoscopies are
performed annually [1]. Optical colonoscopy is performed by inserting a long flexible
colonoscope into the colon of patients. Estimating the colonoscope position with respect to the
colon surface is necessary as any incorrect localisations (e.g. location of cancerous polyps)
have detrimental effects on the following surgery [18]. Colon is a flexible tube-like organ,
where it is challenging to manoeuvre a colonoscope to inspect the colon surface. A variety of
fully or semi-automated endoscopic technologies have been developed to aid navigation during
the intervention such as robotised flexible endoscopes or robotic endoscopes [183], [184].
Computer-assisted navigation systems are another alternatives which have shown reliable
results in localising the tip of endoscope during endoscopy procedure [185], [186], [187].
In our research, we aim at developing a method to determine uncovered areas (UA)
during colonoscopy. To achieve this, we estimate the camera pose (with six Degree-ofFreedom position and orientation) automatically from colonoscopy videos. The camera pose
during colonoscopy can be estimated through computer vision based methods [188], [189] or a
hybrid system, which is normally a combination of a sensor or X-ray computed tomography
(CT) and computer vision algorithms [190], [191]. Some challenges with regards to
determining the camera pose from colonoscopy videos are as follows: (i) During colonoscopy
there are several uninformative frames which have no technical or clinical information (we
proposed a method to recognise these frames in previous chapter); (ii) informative frames
include specular reflection, or external materials (e.g. biopsy tools, stool) which affect the
efficacy of some camera motion estimators; (iii) the colon is a flexible organ deforming when
clinicians remove a polyp or reach to specific areas such as the splenic flexure.
Although using hybrid systems has increased the robustness of camera motion estimation
[187], application of sensors or CT imposes extra costs or undesirable hardware modification
[26]. Computer vision based algorithms are inexpensive, and showed remarkable results [192],
[193]. The existence of uninformative frames or sudden changes of colon shape (colon
deformation) might hamper a computer vision based algorithm [26], [192], [194].
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In this Chapter, the current methods for calculating camera motion parameters from
endoscopy videos are reviewed, and we investigate an efficient computer vision based
algorithm (epipolar geometry analysis) to estimate the camera pose from colonoscopy videos.
Similar to other computer vision based methods [26], [28], [192], [195], there is a need to deal
with camera motion drift, and that we will introduce a novel method to reduce the drift without
using a sensor or CT in the next chapter.

3.2 Literature review and related work
In general camera motion estimation from endoscopy videos can be divided into two main
categories: (i) Computer vision based methods (ii) A combination of a sensor and computer
vision based methods.

3.2.1 Computer vision based algorithm
Prior to investigating the camera motion estimation using computer vision based techniques, it
is necessary to understand the process of image formation. When an object is observed by a
camera, first it is transformed into camera coordinates. This is a 3D to 3D transformation that
depends on camera or object translation and rotation with respect to each other. These rotation
and translation (R,T) are known as extrinsic camera parameters or camera motion parameters.
When an object is translated to the camera coordinates, it will be projected to the 2D image
coordinates and form the final image. The process of transforming the object from camera
coordinates to image coordinates is specific for each camera and depends on camera properties
such as focal length, sensor size, and lens type (catadioptric or dioptric). These internal camera
properties are known as intrinsic camera parameters and are estimated through camera
calibration procedure. In Figure 20 the process of image formation is demonstrated.
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Figure 20 An object or scene first transferred to the camera coordinate by mean of camera
rotation and translation (extrinsic camera parameters (Mext)), and then it is projected into
image coordinate using camera properties (intrinsic camera parameters (Mint)).

3.2.1.1 Optical flow based camera motion estimation
As proposed by Horn [196], the optical flow implies the apparent changes (or displacement) of
the light patterns in the image, whereas the motion field is the projection of motion of surfaces
from the 3D World into image coordinates. Camera motion estimation algorithms, which infer
camera parameters from optical flow, normally represent a relation between the camera
velocity and the motion of brightness pattern in an image [197], [198]. It is also assumed that
the velocity of brightness pattern remains constant in consecutive frames [188], [197]. Several
optical flow estimation approaches with a public database to compare them are represented
here [199].
To estimated camera motion through optical flow, Bruss and Horn [197], proposed a
method which is based on a least-square minimization approach to investigate the best 3D
motion parameters correspondence to the flow field. Optical flow methods are sensitive to the
underlying flow fields, and suffer from the ambiguity in detecting motion (e.g. aperture
problem) [200], motion parallax approach has been used to increase the robustness of camera
motion estimation from optical flow [201], [202], [203].
For colonoscopy videos, Liu et al. [188], proposed an optical flow based algorithm to
estimate camera motion parameters. In their algorithm, similar to Bruss [197] the relation
between optical flow and camera motion velocity is mathematically modelled. They utilise the
Focus of expansion (FOE) concept to decompose the camera angle velocity from translational
velocity. FOE is a point in an image where all optical flow vectors (pixel intensity
displacement) are emerging; the FOE represents the current heading direction of camera. To
45

increase the robustness of their algorithm, they also co-aligned optical colonoscopy images
with X-ray computed tomography (CT) images.
Optical flow with a simplified camera model also has been used to determine the end of
insertion phase from a colonoscopy video [83]. In this method, the camera parameters are
obtained from an affine model with four degrees of freedom (DOF), which is limited to the
following camera motions; (i) Dolling camera motion when the camera is moving backward or
forward, (ii) Vertical camera motion, (iii) Horizontal camera motion, and (iv) Rolling Camera
Motion. In our project, we need to know all camera motion parameters with six DOF because
this allows us using a perspective camera model to map a 3D colon model from the world into
camera coordinate. Therefore, the affine camera model presented by Hwang et al. [83] is not
practical as it just estimates four camera parameters.
In tele-operated flexible endoscopes, the camera motion is estimated by mean of artificial
neural networks (ANNs) and optical flow pattern. In this method, the camera is moved by a
robotic arm, and the estimated optical flow pattern of these motions are used to train the ANNs.
In test datasets, camera motion parameters (i.e., position and orientation) are estimated just
from the model which is produced by the ANN algorithm from training optical flow pattern,
also it is assumed that the colon is stationary during colonoscopy [204].

3.2.1.2 Simultaneous localisation and mapping (SLAM)
The SLAM technique assumes that a camera is following an unknown trajectory in an
unknown environment. The aim is to build a map of the environment, while simultaneously
estimating the structure of environment and location of the camera according to this map [205].
In SLAM, there is no need to have any prior knowledge of the sensor (e.g. camera) trajectory or
location of landmarks (e.g. Motion features), and they are estimated online, more about the
history and definition of the SLAM problem can be found here [205], [206].
In medical endoscopes which are equipped with a monocular camera, the problem of
camera localisation and 3D reconstruction of environment could be solved by monocular
SLAM or extended Kalman Filter (EKF) SLAM [194], [195], [207].
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3.2.1.3 Epipolar geometry analysis
As mentioned in section 3.2.1.1, 2D motion on the image could be interpreted as optical flow or
motion field. Although they are similar to some extent, the latter concept represents the
projection of a 3D surface motion in images whereas optical flow deals with brightness
changes. If an object has no motion and just the source of light moves around it, the motion
field is zero, while in this case optical flow has a value [208]. Motion fields are estimated by
detecting and tracking features in images [99]. The epipolar geometry analysis calculates the
camera motion parameters through investigating the geometrical relation between motion fields
and their 3D surface correspondences when two cameras looking at the same scene from
different views [209]. In other words, this method is based on the geometrical relationship
between observed scene and cameras [209]. If in the analysis of epipolar geometry, optical flow
is used (or motion features are tracked just between consecutive frames), the method is known
as odometry or ego-motion [210]. The epipolar geometry has been widely used in computer
vision and robotics to estimate camera trajectory and reconstruct the 3D structure of observed
scene [99], [209], [211].
In bronchoscopy, Mori et al. [212], proposed an algorithm whereby camera motion
parameters can be estimated through epipolar geometry analysis. They estimated the motion
field/features by block matching, and optical images were registered with virtual endoscopic
images to increase the robustness of tracking procedure [212]. The effect of several motion
feature extraction algorithms in estimating camera motion parameters by epipolar geometry
from bronchoscopy video has been investigated by Luo et al. [213].
Apart from estimating camera trajectory, epipolar geometry analysis is utilised to
reconstruct the 3D structure of environment, when it has been observed from two different
views, this is known as structure from motion (SFM). For instance, in colonoscopy and
wireless) capsule endoscopy (WCE), a 3D model of the colon or polyps could be built using
epipolar analysis [214], [215], [216], [217], [218]. Wang et al. [219], proposed a robust camera
motion and 3D reconstruction of endoscopic sinus images, this method relies on an adaptive
scale kernel consensus technique (ASKC). The ASKC kernel is robust even in the presence of
more than 50% of feature outliers by automatically estimating the good inliers. Hu et al. in
[220] proposed a method to generate the 3D structure of the heart from endoscopic images. The
authors removed the outliers by means of the trifocal tensor, and after implementing a bundle
adjustment, the accuracy of camera parameters was reported to be slightly over a millimetre.
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3.2.2 Combination of methods
Although camera motion estimation through computer vision algorithms provides reliable
results with high accuracy, other methods such as registration with CT images or utilising a
sensor have been used to complement vision based methods and increase the robustness of
camera motion estimation.
A variety of different motion detector sensors have been used to localise a camera
position and orientation such as electromagnetic or optical sensors. [29], [221], [222], [223],
[224]. One common sensor in detecting camera location and orientation is an electromagnetic
sensor, which is applied in endoscopy as well [225], [226]. Electromagnetic sensors are usually
installed at the tip of the endoscope, and their position can be estimated through an
electromagnetic field. For instance, in bronchoscopy an electromagnetic field is created around
the chest of patient, variation of the magnetic field are detected and the location of a microsensor attached to the bronchoscope is estimated [227].
In colonoscopy, Holler et al. [222] placed a Micro Electro-Mechanical system sensor at
the tip of endoscope, and that they could measure influencing forces in three directions and
correct the camera orientation. In WCE, the Magnetic localiser just provides five camera
parameters out of six. To determine all camera motion parameters, the results from a magnetic
sensor are combined with epipolar geometry analysis (computer vision based) [224].
Registering images from CT or virtual endoscopic with optical endoscopy images is
another way to improve robustness of camera motion estimation [28], [191], [228]. An
illustration of this is a proposed method by Mori et al. [212], [229]. They first estimated camera
motion parameters by epipolar geometry analysis, and then by registering virtual endoscope
images, which were produced from lung CT in a way to be similar to real images, calculated
the camera motion parameters. Their results showed that using epipolar geometry analysis in
combination with intensity-based image registration had better performance in comparison to
the case that used only image registration.

3.2.3 Limitations of camera motion estimation from colonoscopy videos
As discussed in the previous sections, different camera motion estimation algorithms have been
introduced. Each of these algorithms has some merits and some limitations that might hamper
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their implementation in more complicated cases. It is important to choose a method, which
would be applicable to our colonoscopy videos, and allow calculation of camera motion
parameters with an acceptable accuracy. In this section, we investigate benefits and drawbacks
of current camera motion estimation algorithms and determine a suitable method by which
camera parameters can be estimated from our colonoscopy videos.
Computer vision based methods have the advantage of not requiring any new hardware
or modification of the instruments, and we investigated those. Sensor based motion trackers can
provide absolute localisation of the endoscope camera but their application in colonoscopy is
limited due to the following reasons; (i) A sensor should be placed in the colonoscope
operational channel, which is used for biopsy tools and that can probably increase the size of
endoscope [222] (ii) The reliability and accuracy of a magnetic tracker are questionable when
there is another magnetic field available in the operational room, or in presence of metallic
materials [226], [230], (iii) Sensors need to be calibrated and the calibration procedure affects
the accuracy of magnetic trackers [225].
In computer vision based algorithms, Optical flow methods have demonstrated robust
camera motion estimation from optical colonoscopy videos [178], [183]. These methods are
sensitive to changes in illumination (e.g. specular reflection) [231], and as it is reported by Liu
et al. [178], the computational time can be problematic when an online camera motion
computation is required. The shortfalls of optical flow methods could partially be addressed by
combining them with results obtained from CT [232]. The CT is expensive and normally is
provided prior to surgery.
SLAM is another computer vision based method which is successfully implemented on
endoscopy images. SLAM could provide promising results in localising the endoscope camera
which is used for Minimal Invasive Surgery (MIS), or oesophagus [189], [194], [207], [233].
When there is a high deformation in an organ (e.g oesophagus or colon) the map generated
from the environment by the SLAM is highly uncertain [194]. Furthermore, in the case of
occlusion more features are needed to be detected and tracked which increases the cost of
computation [207]. Robust camera motion estimation through SLAM can be acquired when
strong landmarks are accurately detected and tracked in a large number of images [233].
Colonoscopy images suffer from the lack of landmarks which can be found in other internal
organs such as heart or lungs, so practically, SLAM is not efficient in camera motion estimation
during colonoscopy. Application of SLAM in the oesophagus, which is a tubular organ similar
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to colon, shows a noticeable drift in camera motion estimation [194]. This is another limitation
of SLAM techniques.
Among other computer vision based algorithms, visual odometry (VO) or Ego-motion
[210] estimation, obtained from epipolar geometry analysis when motion fields were detected
and tracked only between consecutive images, seems to be more suitable for calculating camera
motion in colonoscopy [26]. This is mainly because VO can deal with deformation as it
determines camera motion frame-by-frame and assumes the scene is rigid between consecutive
frames. In comparison to other methods such as SLAM, or sensor trackers, visual odometry
based motion estimations methods are more robust to severe changes in colon structure [26].
Furthermore, by tracking features representing a scene or object in consecutive frames (motion
field) rather than pure optical flow (brightness changes), ill-posed conditions such as aperture
problem [200] can be avoided. The VO algorithm can estimate the camera parameters with six
DOF, and there is no need for adoption of a sensor or virtual image registration. The VO
estimates the camera parameters frame-to-frame, and that introduces a drift in camera path by
accumulating error between frames [210], [234]. To address this problem and increase the
robustness of camera localisation, particularly in presence of uninformative frames (frames
with no clinical or technical information), application of a sensor or registering with CT images
seems inevitable [29], [191]. Sensors or CT impose extra costs and undesirable hardware
modification to a colonoscopy system, and that finding an image based solution to increase the
robustness of VO is desirable.
In our method, we aim at calculating the camera motion parameters through the VO
without using any external devices or virtual images from CT. In this chapter, we explain the
camera motion estimation and in the next chapter, we propose a method to address the camera
motion drift problem.

3.3 Overview of the proposed method
The outline of the proposed method to estimate camera motion parameters in colonoscopy is
shown in Figure 21. Camera parameters are divided into extrinsic and intrinsic parameters. The
extrinsic parameters represent camera displacement and orientation between two frames, and
are used to transform 3D world points into camera coordinates. The intrinsic parameters are
unique for each camera and are used to project 3D points from camera coordinate into the
image plane. In this section, we describe the mathematical model of colonoscope’s camera.
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Subsequently, the optical flow (epipolar geometry based) algorithm [209] which is utilised to
calculate the extrinsic camera parameters (translation and rotation), is explained in detail.

Figure 21 Our proposed camera motion estimation framework.

3.4 Camera models and calibration
As a part of our main algorithm for missed area detection, we need to know the camera
parameters. Since our goal is to estimate the camera pose through the epipolar geometry
analysis, it is necessary to specify the mathematical model of the colonoscope camera that we
used in our experiments. A camera model represents how an object is projected from 3D world
to 2D image coordinates [209], and camera calibration is a process by which the intrinsic and
extrinsic camera parameters are extracted from 2D images [235].

3.4.1 Camera model
There are several camera models that determine the geometrical relation between an object in
3D world and its projection in an image plane such as orthography, scaled orthography, Paraperspective (weak perspective) and perspective projection (see Figure 22). Among these
models, the perspective projection shows better accuracy in modelling real camera behaviour in
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comparison to other models, this model is commonly used in computer graphics and computer
vision [236]. Considering the importance of perspective camera model and its application in the
simulator and colonoscope’s camera, in the next section we explain perspective camera model.
(more about other camera models can be found here [209], [236]).

Figure 22 a) A 3D object or scene can be projected into image plane in camera by the
following camera model; b)orthography, c)scaled orthography, d)para-perspective d)
perspective or f) object-centred [236].

3.4.1.1 General perspective camera model
In this model, the 3D points are mapped to the 2D image plane by intersection of light rays
from the objects through to the centre of the lens (projection centre (𝑥0 , 𝑦0 )), with focal length f
and aspect ratio α, which is shown in Figure 23. Using inhomogeneous coordinates, the
geometrical relation between a 3D point Pi and its correspondence in the image plane pi can be
shown by the following equation:
𝜆𝑝𝑖 = 𝐾[𝑅0 |𝑇0 ] 𝑃𝑖
𝑥𝑖
𝑓/𝛼
𝜆 [𝑦𝑖 ] = [ 0
1
0

𝑠
𝑓
0

Eqn 3.1
𝑋𝑖
𝑥0 1 0 0 0
𝑌
𝑦0 ] [0 1 0 0] [ 𝑖 ]
𝑍𝑖
1 0 0 1 0
1

Eqn 3.2

where R 0 and T0 are camera rotation and translation which are assumed to be zero, when an
object for the first time has been observed by a camera. λ is the scale factor of depth, and K
represents intrinsic camera matrix that can be estimated through camera calibration process.
In our research, we used the state of art CSIRO simulator [237] and actual colonoscopy
(Olympus 190 HD). In the following sections, we explain the perspective model of both
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simulator and actual colonoscopy camera and calculate intrinsic camera parameters of actual
colonoscopy camera by calibration.

Figure 23 General perspective camera model.

3.4.1.2 Camera model used in Simulator
The Camera system in the simulator is designed by the computer graphic system in OpenGL
environment [238], in this system, every 3D point is first projected into a normalised coordinate
system and then transferred to image coordinates. Normally, in computer graphics, mapping 3D
points into 2D image plane is performed through the following steps [236]:

Figure 24 Side view of camera frustum (left) and computer graphics camera (right)
Step1: Projects 3D points from camera space to a viewport by;
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𝑥́
𝑓/𝛼 0 0 0 𝑋
𝑦́
𝑌
[ ] = [ 0 𝑓 0 0] [ ]
𝑤́
0 0𝐴𝐵 𝑍
0 010 1
1

Eqn 3.3

In this equation f and α are focal length and aspect ratio, and A, B representing depth in the
image, which can be calculated by:
𝐴=

−𝑍𝑓𝑎𝑟
𝑍𝑛𝑒𝑎𝑟 . 𝑍𝑓𝑎𝑟
,𝐵 =
𝑍𝑓𝑎𝑟 − 𝑍𝑛𝑒𝑎𝑟
𝑍𝑓𝑎𝑟 − 𝑍𝑛𝑒𝑎𝑟

where Zfar and Znear represent the near and far Z clipping planes (see Figure 24). The reason for
keeping the third row of Eqn 3.3, rather than dropping it is due to the visibility operations,
through the Zfar and Znear ratio, the depth for all graphical elements are estimated. As the ratio of
Zfar to Znear increases, it becomes harder to distinguish between surfaces near to each other
[239]. By adjusting the ratio of Zfar and Znear, it is expected that an image similar to the actual
colonoscopy image is being produced by the simulator.
A simple form of Eqn 3.3 can be written as:
𝑓

𝑥́
.𝑋
𝛼
𝑦́
𝑓. 𝑌
[ ]=
𝑤́
𝐴. 𝑍 + 𝐵
1
[ 𝑍 ]

Eqn 3.4

Convert viewport into normalised device coordinate (clip) by dividing them to Z
coordinate, the clip is similar to the actual camera sensor.
𝑓
𝑥𝑐𝑙𝑖𝑝
. 𝑋/𝑍
𝛼
𝑦𝑐𝑙𝑖𝑝
𝑓. 𝑌/𝑍
[𝑤 ] =
𝑐𝑙𝑖𝑝
(𝐴. 𝑍 + 𝐵)/𝑍
1
[
]
1

−1 < 𝑥clip < 1,

Eqn 3.5

−1 < 𝑦clip < 1 , −1 < 𝑤clip < 1

Step2: transform the normalised device coordinates to integer pixel coordinates [240];
𝑥 = (𝑥𝑐𝑙𝑖𝑝 + 1) (

𝑤𝑖𝑑𝑡ℎ
2

)+1 ,

ℎ𝑖𝑒𝑔ℎ𝑡

𝑦 = (𝑦𝑐𝑙𝑖𝑝 + 1) (

2

)+1

Eqn 3.6

In summary, to represent perspective camera projection model in the simulator similar to an
actual pinhole camera, we combined both the equations (Eqn 3.3 and Eqn 3.6) and t. A simple
perspective camera model for pinhole camera was obtained as shown in the following equation:
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𝑥
𝑓/𝛼
𝑦
𝜆 [ ] = 𝐾 ∙ 𝑃𝑖 = [ 0
1
0

0
𝑓
0

𝑥0 𝑋
𝑦0 ] [𝑌 ]
1 𝑍

Eqn 3.7

In this equation, f is focal length and 𝛼 is aspect ratio, which can be calculated by:

𝑓𝑖𝑒𝑎𝑙𝑑 𝑜𝑓𝑣𝑖𝑒𝑤

𝑓 = − cot (

𝑤𝑖𝑑𝑡ℎ
𝑥0 = (
)
2

2

,

𝑠𝑐𝑟𝑒𝑒𝑛 𝑤𝑖𝑑𝑡ℎ

) , 𝛼 = 𝑠𝑐𝑟𝑒𝑒𝑛 ℎ𝑖𝑒𝑔ℎ𝑡

ℎ𝑖𝑒𝑔ℎ𝑡
𝑦0 = (
)
2

It should be mentioned that all above intrinsic camera parameters are known from the
simulator.

3.4.1.3 Actual colonoscopy camera model and distortion correction
The colonoscope’s camera used in our setup had a fisheye lens (190HD Olympus endoscope),
introducing image deformation. All fisheye lens camera have the same mechanism in mapping
a point from 3D world into image plane; first, a 3D point is projected into a half-hemisphere
(fisheye lens screen), and then it is transformed into camera sensor, the final image is generated
by transforming points from camera sensor coordinate to image plane (see Figure 25). There
are different mathematical models which represent the geometry of a fisheye lens (dioptric)
system, in particular, its distortion effects [235], [236], [241], [242].
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Figure 25 The schematic of fisheye lens camera model.
Scaramuzza et al. [241], have recently proposed a mathematical model for catadioptric
and dioptric vision system. In this approach, fisheye lens distortion and tangential distortion
(which includes misalignment between the camera sensor and lens) are estimated by the Taylor
series expansion, and this generalisation allows modelling any misalignment between the
fisheye lens and the camera optical centre [243]. This technique would estimate camera
parameters without being dependent on the camera type (catadioptric or dioptric). Due to the
wide application of this model (i.e. its usage by NASA, Philips [244]), and its accuracy [245],
we used this model for our colonoscope camera. By using Scaramuzza model, a 3D point (X, Y,
Z) can be transformed to image point (x, y) through the following equation:
𝑥
𝑥
𝑋
𝑥́
𝑦
𝜆 ∙ [ 𝑦́ ] = 𝜆 [ 𝑦 ] = 𝜆 [
] = 𝑅. [𝑌 ] + 𝑇
𝑓(𝜌)
𝑎0 + 𝑎1 𝜌 + ⋯ + 𝑎𝑛−1 𝜌𝑛−1
𝑍
𝑤

Eqn 3.8

where λ denotes scaling factor, 𝑓(𝜌) represents distortion, 𝜌 = √(𝑥 − 𝑥0 )2 + (𝑦 − 𝑦0 )2
indicates distance from image centre (𝑥0 , 𝑦0 ), and 𝑎0 , 𝑎1 , … , 𝑎𝑛 are intrinsic parameters, which
are estimated by camera calibration process. R and T represent the extrinsic camera parameters.
The relation between undistorted image points (𝑥̇ , 𝑦̇ ) and distorted ones (x, y) is
represented by
𝑥̇
[ ]=
𝑦̇

𝛼
𝑓(𝜌)

𝑥 − 𝑥0
𝑥̇
[𝑦 − 𝑦 ] + [ 0 ]
𝑦̇ 0
0

Eqn 3.9

where 𝛼 and (𝑥0̇ , 𝑦̇ 0 ) are focal length and centre of projection for undistorted image. A sample
of corrected image for distortion is illustrated in Figure 26.
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Figure 26 Actual colonoscopy image distortion correction.

3.4.2 Camera calibration
Camera calibration is an essential step in 3D computer vision to calculate intrinsic and extrinsic
parameters of a camera. Through the obtained information from camera calibration, images are
corrected for deformation, or a virtual object can be projected into the image plane. Techniques
which are used to extract the metric (intrinsic camera parameters) information from 2D images
are as follows: (i) Photogrammetric calibration, (ii) Self calibration, (iii) Vanishing points for
orthogonal directions, (iv) Calibration from pure rotation, (v) 2D plane based calibration [235].
Among these techniques, the 2D plane based calibration is known to be flexible and easy
to implement as there is no need to have prior information about the camera motion (translation
and rotation) or preparing a specific setup to calculate intrinsic camera parameters. This
technique was proposed by Zhang [235], and it only requires the camera to capture some
images (at least two) from a 2D plane pattern (e.g. Chessboard), and then through epipolar
geometry constraints and homography between the plane pattern and its image, the camera
parameters are estimated. Finally, all camera parameters are optimised using LevenbergMarquardt algorithm [246]. Scaramuzza et al. [243], also implemented the same technique to
estimate intrinsic camera parameters, with a simplified camera model [241] (see section
3.4.1.3) to determine the camera parameters and correct image distortion.
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The calibration process proposed by the Scaramuzza et al. [243] consists of the following
main steps which are represented in Figure 27: (i) Print the chessboard pattern and capture the
images (at least 6 to 10 images should be provided) (ii) Automatically extract corner grids, (iii)
Since the size of the printed square on the chessboard is known, and as it is plane (the Z on the
plane assumed to be zero), the projection is modelled through homography. By solving the
camera model with the above assumption, intrinsic camera parameters could be estimated. (iv)
The camera parameters are optimised to increase calibration accuracy. The average of
reprojection error (projecting 3D points generated by estimating the camera parameters from
calibration process into the image) for the colonoscopy camera was 0.83 pixel.

Figure 27camera calibration by Scaramuzza et al. [243] approach; 1) Capture images from
2D plane pattern, 2)Automatically detect corners 3) Through the homography and proposed
omnidirectional camera model estimate camera parameters (extrinsic and intrinsic) 4)
Calculate re-projection error - each colour represent distribution of error for one image.
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3.5 Motion feature detection and tracking
One of the most important step in camera motion estimation by epipolar geometry is to detect
features from 2D images and track them between consecutive images. In recent years, feature
detection has been extensively investigated [247]. In the medical image processing, and in
particular in endoscopy images, detecting features with high accuracy is important, because
features are not only used to estimate camera parameters but also utilised to register images or
segment them [191], [233], [248]. In colonoscopy images, due to the noise, lack of landmarks,
and the homogenous environment of the colon, it is challenging to achieve high efficiency in
detecting and tracking features. The KLT [249], SURF [153], and SIFT [152] are some of
popular methods in detecting features from endoscopy images [187], [216], [250]. The
application of these methods is dependent on the organ’s characteristics, required accuracy in
estimating camera parameters and computational burden. More than that, to increase the
efficiency of these methods, particular adjustments prior to adopting a feature detector on a
dataset is necessary [251], [252]. Some researchers compared the performance of different
feature detectors in calculating camera parameters from endoscopy images [26], [213], [253]
yet it is unclear which approach is more appropriate for colonoscopy images.
We estimated the SURF, SIFT, and Affine-SIFT (ASIFT) [254] features and matched
them using the hierarchical multi-affine algorithm proposed by Puerto-Souza and Mariottini
[255]. It is expected this method to be fast, accurate, and robust in tracking features from
endoscopic images in comparison to the original feature tracker methods. The KLT features
were estimated through the algorithm explained in [249] from colonoscopy video frames. A
sample of application of each feature detectors in our colonoscopy images is presented in
Figure 28. We run these methods on 100 actual colonoscopy frames. The results including the
computational time, number of extracted features, and percentage of inliers (remaining features
after refining them by applying a filter on initially extracted features) are presented in Figure
29.
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Figure 28 A sample of application common motion feature detector in our colonoscopy frames.

Although, determining a feature descriptor that can work in all different circumstances is a
challenging task, based on our experiment we decided to utilise KLT Method to detect and
track the motion features from colonoscopy images. The main reason for using KLT is that it is
faster than other methods, and the mathematical model behind it is simple. More than that the
number of features detected by KLT is more than SIFT or SURF. The final number of detected
features by KLT seems to be smaller than ASIFT, but the computational time for ASIFT is
greater than KLT.

Figure 29 A comparison between some of the common feature extractor used in endoscopy
images; a) the average of computational time using Matlab, b) the average of feature detected
by each method, c) percentage of inliers (remaining features after applying a filter on extracted
features).

Besides, the percentage of inliers for ASIFT is smaller than KLT, and that is another reason
why KLT is more appropriate method for detecting features from our colonoscopy images. In
Chapter two, section 2.3.1.1, the KLT feature detection and tracking was briefly explained. The
KLT algorithm is described with details in the next section.

60

3.5.1 KLT feature tracking and filtering
3.5.1.1 KLT feature detection and tracking
The KLT feature tracker has two steps; first, as it is explained by Shi and Tomasi [249], good
corner features, which have an eigenvalue greater than a certain threshold, are extracted [256].
Second, features are tracked between two images using the idea of local gradient search that
was proposed by Lucas and Kanade [257]. In other words, for a point (u) at position (x,y) in the
first image (I), the aim of the KLT feature tracker is to find the best match (v) in the second
image J, where it satisfies the following correlation between the intensity value of I(u) and J(v):
𝑢 = 𝑣 + 𝑑 = (𝑢𝑥 + 𝑑𝑥 , 𝑢𝑦 + 𝑑𝑦 ). The image displacement or velocity in the point u is
represented by 𝑑 = [𝑑𝑥 , 𝑑𝑦 ]𝑇 . The displacement vector d is calculated by minimising the
residue error which is introduced by the following double integral equation over the given
window (𝑤𝑥 , 𝑤𝑦 ):
𝑢 +𝑤

𝑢x +𝑤x
y
𝑦
∑𝑦=𝑢
𝜀(𝑑) = ∑𝑥=𝑢
(𝐼(𝑥, 𝑦) − 𝐽(𝑥 + 𝑑𝑥 , y + 𝑑𝑦 ))2
𝑥 −𝑤𝑥
y −𝑤𝑦

Eqn 3.10

The size of the integration window is determined as (2𝑤𝑥 + 1) ∗ (2𝑤𝑦 + 1). The optimal
value of 𝑑 can be obtained when

𝜕𝜀(𝑑)
𝜕𝑑

= 0. By tacking the first derivative of the Eqn 3.10 it

gives:
1 𝜕𝜀(𝑑)

[
2
where [

𝐼𝑥2
𝐼𝑥 𝐼𝑦

𝜕𝑑

]=

𝐼𝑥2
𝑢y +𝑤𝑦
𝑢x +𝑤x
∑𝑥=𝑢𝑥 −𝑤𝑥 ∑𝑦=𝑢y −𝑤𝑦 ([
𝐼𝑥 𝐼𝑦

𝐼𝑥 𝐼𝑦
𝐼𝑥 𝛿𝐼
]
𝑑
−
[
])
𝐼𝑦 𝛿𝐼
𝐼𝑦2

Eqn 3.11

𝐼𝑥 𝐼𝑦
] represents the corner features, and good features to track are those that their
𝐼𝑦2

eigenvalues is greater than a predefined threshold.
Using the special intensity information to conduct the search for the location of the best
matches makes KLT method to be fast and effective for estimating the small pixel
displacement. The performance of the KLT method was improved by implantation of
pyramidal approach in detecting the best matches [258], and that it could deal with large
displacements. As explained in Chapter two, prior to feature detection, images were smoothed
by a Gaussian filter to partially decrease the effect of noise and then transformed to HSV colour
space. The saturation colour channel was used for feature detection to reduce the effect of light
reflection.
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3.5.1.2 Feature filtering by RANSAC
A step was performed to reduce the number of outliers after the features matching by the KLT
algorithm. We corrected the features’ position for distortion by Eqn 3.9, before calculating the
Euclidean distance between matched features. We experimentally determined a threshold for
the maximum displacement of features between two images. Finally, the RANdom Sample
Consensus (RANSAC) procedure [259] were implemented on matched features to detect
reliable features from a set of putative matches. A sample of applying RANSAC procedure to
filter unreliable features is shown in Figure 30.

Figure 30 The vectors are KLT features after removing the unreliable features using RANSAC
procedure.

3.5.1.3 Uninformative frame removal
As explained in Chapter 2, uninformative frames, those which have no technical or medical
information, were excluded from the further computation. This could be obtained by knowing
the number of detected KLT features, colour and edge information.

3.6 Camera motion estimation through epipolar geometry
The epipolar geometry represents the geometrical relation between two stereo cameras when
they observe a 3D scene from two different views (see Figure 31). It depends on the internal
camera parameters and relative pose (R,T), and is independent of the scene structure [209].
During the colonoscopy, parallax camera motion constitutes most of the scene. For example,
when a camera is moving back and forth or tilted to left and right for inspection, and that each
pair of consecutive images can be assumed as a stereo pair.
62

In Figure 31, the 3D point 𝑃𝑖 , is observed by a camera when it was at position one, and
when the camera moves backward by translation T and rotation R at position two it observes
′
′
the point 𝑃𝑖 again. The points 𝑝𝑖1
and 𝑝𝑖2
which are the projections of 𝑃𝑖 in the camera from

two different views should satisfy the following equation;

Figure 31 Camera motion model, (two cameras observed point 𝑃𝑖 from different view).

′
′
)+𝑇
𝜆2 𝑘𝑝𝑖2
= 𝑅(𝜆1 𝑘𝑝𝑖1

Eqn 3.12

where λ1 , λ2 are constants and represent the distance of the points from the camera, and k is the
intrinsic matrix which obtains from camera calibration. By tracking the cross product of T and
′
dot product of 𝑝𝑖1
on two sides of the equation 3.12 it yields:
𝑡

𝑡

°
°
°
°
[𝑇]× 𝑝𝑖2
λ2 𝑝𝑖2
= λ1 𝑝𝑖2
. ([𝑇]× 𝑅)𝑝𝑖1
=0
𝑡

°
°
𝑝𝑖2
𝐸 𝑝𝑖1
=0

Eqn 3.13

Equation 3.13 is known as the epipolar constraint, where 𝑝𝑖° = k𝑝𝑖′ are the (local) ray direction
vectors. The matrix 𝐸 = ([𝑇]× 𝑅) is the essential matrix which first was introduced by Longuet
and Higgins [260]. By tracking features between consecutive frames and solving Eqn 3.13, the
camera rotation and translation can be calculated. It should be noted that the essential matrix E
is known just up to an arbitrary scale factor, and that the translation vector T can be estimated
up to an arbitrary scale [209]. The extra information such as camera speed or CT is needed to
extract the scale factor. We obtain this scale from the simulator software, it could provide us the
camera speed which was used as the scale factor in our experiments. There are different
approaches to solve the Eqn 3.13 and determine the extrinsic camera parameters (R,T). Two
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common solutions for E are known as eight and five point algorithm, and explained in the next
section.

3.6.1.1 Eight-point and Five-point algorithm
For a set of points in an image 𝑢 = (𝑥, 𝑦, 𝑤, 1) and their correspondence in the next image 𝑢́ =
(𝑥́ , 𝑦́ , 𝑤́ , 1)𝑡 , Equan 3.13 can be written as 𝑢́ 𝑡 𝐸 𝑢 = 0, the straight forward solution to
determine (R,T) from E is given by Languet and Higgins [260], which is briefly described here.
When the number of non-coplanar tracked points between consecutive frames is more than
eight, each feature match should satisfy a constraint of the linear equations of the from [261]:
[𝑥𝑥́ 𝑥́ 𝑦 𝑥́ 𝑥𝑦́ 𝑦𝑦́ 𝑦́ 𝑥 𝑦 1]𝐸 = 0

Eqn 3.14

where 𝐸 = [𝑒1 𝑒2 𝑒3 𝑒4 𝑒5 𝑒6 𝑒7 𝑒8 𝑒9 ]t . The parameters of E can be estimated by solving this
system using singular value decomposition (SVD) [261]. If the number of points is more than
eight it leads to an over determined system, which increases the robustness of this system to
noise. From decomposing the estimate of E matrix, the rotation and translation can be induced.
Solving E provides four sets of R, and T. By applying the positive depth constraint the level of
ambiguity can be reduced. Another constraint is that the translation should be a positive number
greater than zero [262]. Considering these constraints the final solution can be chosen for R and
T.
Another efficient way of solving the Eqn 3.13 is five point algorithm proposed by Niester
[262]. For at least five matched points between consecutive frames, Eqn 3.13 can be rewritten
as: 𝐴𝑡 𝐸 = 0, 𝑤ℎ𝑒𝑟𝑒 𝐴 = [𝑥𝑥́ 𝑥́ 𝑦 𝑥́ 𝑤 𝑥𝑦́ 𝑦𝑦́ 𝑤𝑦́ 𝑥𝑤́ 𝑦𝑤́ 𝑤𝑤́ ]. By stacking the constraints
from all five points, a 5×9 matrix is obtained. Similar to eight point algorithm the essential
matrix (E) can be estimated using SVD, and by decomposing the E, rotation and translation are
computed.
The main difference between five and point algorithm is that the five point algorithm
only works when the intrinsic camera parameters are known, but eight-point approach works
for both calibrated and uncalibrated points. In addition to the above, although, the five-point
polynomial algorithm can handle different types of camera motion, the eight-point linear
algorithm is known to be more efficient when the camera is moving back and forth which is a
common practice in colonoscopy procedure [262].
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3.6.1.2 Triangulation
The aim of triangulation is to determine a point’s 3D position from a set of corresponding
image points and known camera position [236]. The idea of triangulation is to find the 3D point
𝑃𝑖 in a way that the projection lines through the camera centres at position C1 and C2 and the
′
′
image points 𝑝𝑖1
and 𝑝𝑖2
intersect in 𝑃𝑖 , as it is shown in Figure 31.
′
′
From the essential matrix for the first image, the relation between 𝑃𝑖 and 𝑝𝑖1
is 𝑝𝑖1
=
′
𝐸1 𝑃𝑖 , and for the second image the relation is 𝑝𝑖2
= 𝐸2 𝑃𝑖 . These equations can be combined

and form 𝑄𝑃𝑖 = 0, where
𝑥𝐸13𝑡 −
𝑦𝐸13𝑡 −
𝑄=
𝑥́ 𝐸23𝑡 −
[𝑦́ 𝐸23𝑡 −

𝐸11𝑡
𝐸12𝑡
𝐸21𝑡
𝐸22𝑡 ]

𝐸1𝑖𝑡 and 𝐸2𝑖𝑡 are the i-th row vector of 𝐸1 and 𝐸2 . This is a linear equation and can be
solved using SVD [209].

3.6.2 Camera pose estimation and optimisation
The extrinsic parameters (camera motion) were calculated by solving the five and eight point
algorithms as it explained in Section 3.6. The 3D structure of the colon segment and position of
tracked features in camera coordinates were calculated according to extrinsic camera
parameters and triangulation. The distance between the coordinates of 3D points projected into
the image plane and the feature points defined as re-projection error is obtained by:
𝑁
𝜀 = ∑𝑀
𝑖=1 ∑𝑗=1‖𝑝𝑖 − 𝑝́ 𝑗 ‖

2

Eqn 3.15

where N is number of features on M images, and ṕ j is the projection of a 3D point Pi
estimated through triangulation and camera parameters to the image plane using Eqn 3.8, and
pi is the correspondence tracked feature on the image.
To estimate the most optimal camera parameters, first we estimated the re-projection
error of extrinsic camera parameters computed by five and eight point algorithms, then the
extrinsic camera parameters with a lower re-projection error were optimised using a
Levenberg-Marquardt (LM) technique [246] by minimising the costs function defined in Eqn
3.15. The optimised extrinsic camera parameters inferred from consecutive images were
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concatenated to estimate camera path [210]. An example of camera motion estimation from
two consecutive images is shown in Figure 32.

Figure 32 From image in saturation colour channel features were detected and tracked by
KLT, camera motion parameters between consecutive images were estimated by five and eightpoint algorithm, by using triangulation and camera parameters the 3D position of points were
calculated and the projection error was computed. The camera parameters which had the
lowest projection error was chosen for optimisation.

3.6.3 Kalman filtering
The camera path was smoothed using a standard Kalman filter [263]. The Kalman filter is a set
of mathematical equations that can estimate the state of an unknown vector by a state-space
model from observed data. To smooth camera motion 𝑥𝑘 from previous optimized camera
motion 𝑥𝑘−1 the following equation should be utilized [264]:
𝑥𝑘 = 𝐴𝑥𝑘−1 + 𝐺𝑤𝑘−1 ,

𝑧𝑘−1 = 𝐻𝑥𝑘−1 + 𝑛𝑘−1

Eqn 3.16

Where A is the state matrix, 𝑧𝑘−1 the observation at time k, 𝐺 = (𝐼𝑑) and 𝐻 = (𝐼𝑑) are
the driving and measurement matrices, and 𝐼𝑑 is the identity matrix. 𝑤𝑘−1 and 𝑛𝑘−1 are process
and Gaussian noise. We assumed that the colonoscope was moving steadily. For estimated
camera parameters 𝑅𝑇 = [

𝑅𝑘
0

𝑇𝑘
] the camera motion can be written as:
1
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𝑣𝑘 =

𝑑𝑅𝑇𝑘
𝑑𝑡

=

𝑅𝑇𝑘 −𝑅𝑇𝑘−1
∆𝑡

,

𝑎𝑘 =

𝑑𝑣𝑘
𝑑𝑡

=

𝑣𝑘− 𝑣𝑘−1
∆𝑡

=

𝑅𝑇𝑘 −2𝑅𝑇𝑘−1 +𝑅𝑇𝑘−2
∆𝑡

Eqn 3.17

Where 𝑣𝑘 and 𝑎𝑘 are the velocity and acceleration, ∆𝑡 is the interval time steps between
frames. From velocity and acceleration the predicated camera motion and velocity can be
computed as follows:
1

𝑅𝑇𝑘+1 = 𝑅𝑇𝑘 + 𝑣𝑘 ∆𝑡 + 2 𝑎𝑘 ∆𝑡 2

,

𝑣𝑘+1 = 𝑣𝑘 + 𝑎𝑘 ∆𝑡

Eqn 3.18

For 𝑥𝑘 = (𝑅𝑇𝑘 𝑣𝑘 𝑎𝑘 ) the state matrix A can be constructed as:
𝐼𝑑
𝐴=[
0
0

∆𝑡 𝐼𝑑
𝐼𝑑
0

1 2
∆𝑡 𝐼𝑑
2
]
∆𝑡𝐼𝑑
𝐼𝑑

The implementation of the discrete Kalman filter in smoothing camera parameters is shown in
Figure 36.

3.7 Dataset
3.7.1 Simulated video
The simulated video by which we validated our proposed method was generated by the state of
the art CSIRO simulator [237]. This simulator consists of a computer simulation of the colon
model and a haptic device that allows insertion of an instrumented colonoscope to drive the
simulation [237]. The parametric mathematical model of the colon model designed for this
simulator allows the generation of realistic human colon geometry. The simulator could also
generate the ground truth of the camera motion parameters and uncovered areas (will be
discussed in the next Chapter) that were used for validation (more about simulator can be found
in the Chapter1). We generated ten different realistic videos from different simulated colon. All
videos consist of a variety of possible actions that might be performed during colonoscopy
procedure, such as back and forth or close wall inspection. In Figure 33 examples of simulated
colon used in our experiments are illustrated.
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Figure 33 Two examples of simulated colons used in our experiments, the yellow curves
represents the part of the colon that was used for camera motion estimation validation.

3.7.2 Actual colonoscopy video
The actual colonoscopy videos were captured by a 190HD Olympus endoscope with 50
frames/sec. The resolution of the image was 1352×1080 pixels. The performance of our
algorithm was investigated on nine different segments of the colon (around 20cm), which were
extracted from withdrawal phase of colon inspection from five different patients.

3.8 Experiments and validation
3.8.1.1 Simulated colonoscopy video
We implement our method on ten different realistic videos, which were generated from
different parts of simulated colons. Each video in average covered almost 20cm of colon
length. Errors of the extrinsic camera parameters including orientation and translation were
computed between the ones estimated from the videos and those used by the simulator. Errors
were averaged over each of the ten videos resulting in 10 errors for each parameter shown as
boxplot in Figure 34.
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Figure 34 The root mean square (RMS) error of camera motion parameters estimated on
realistic videos generated by the simulator

Translation errors between consecutive frames were less than 2mm and rotation errors
were less than 0.6 degrees. This corresponds to a scenario without lens or colon obstructions,
and in simulated videos using constant acceleration. It is expected that in real conditions, those
errors might be higher.
We estimated the camera parameters when the camera travelled the whole colon up to the
end. The integration of camera location along the longest access of the camera (Z axis) is
shown in Figure 35. The error for camera location in Z direction was 8 cm, this is known as the
drift problem.
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Figure 35 The travelled distance by the camera when it travelled the whole colon.

3.8.1.2 Actual colonoscopy videos
We also implemented our method on a set of actual colonoscopy videos from different patients.
In this case, there was no ground truth for the camera parameters by which we could validate
the accuracy of our camera motion estimation method. A sample of the application of our
method on a part of actual colonoscopy video (about 15cm), is represented in Figure 36.

Figure 36 Optimised camera path is shown as the blue curve, and the red one is the camera
path after smoothing it by Kalman filter, for better visual perception we zoom in a part of the
path, which is illustrated as the right panel.
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3.9 Limitations
In our experiments, we had the benefits of using the realistic simulator that allowed us to
validate our method and determine the camera motion errors by comparing them with ground
truth generated from the simulator. For actual colonoscopy, there was no ground truth available
for camera parameters. Generating a ground truth (the relative pose of camera with respect to
the colon surface) required at least the CT from patients or different sensors. This was another
limitation of presented work.

3.10 Discussion
In this Chapter, we reviewed the state of the art methods, which were used to estimate camera
parameters from endoscopy videos (bronchoscopy, invasive surgery endoscopy, WCE, and
colonoscopy videos), and proposed a vision based method to estimate the camera parameters.
Our camera motion estimation algorithm has the following steps: (i) We detected features from
consecutive video frames by KLT tracker, and removed uninformative frames (ii) Camera
parameters were estimated by eight and five point algorithm (iii) From camera parameters and
internal camera information (obtained from calibration) the 3D position of the tracked features
points were reconstructed (this is called triangulation) (iv) The re-projection error for camera
parameters estimated from five and eight-point were calculated and the one which had the
smallest error passed to LM optimiser, (vi) The camera path was smoothed by mean of the
discrete Kalman filter.
Prior to camera motion estimation, we determined the appropriate feature detector and
tracker for our colonoscopy videos. Our proposed method was validated on ten different
videos, which were generated by the simulator.
The results indicated that in average the error for translation was less than 2mm and for
orientation, it was less than 0.6 degree between consecutive frames. These results were
achieved in almost optimal conditions and small colon segments (15-20 cm). In actual
colonoscopy videos with extensive noise or low percentage of detected features inliers, the
performance of our method might be reduced, but there was no ground truth to validate the
camera parameters on actual colonoscopy videos. Due to the fact that the main aim of our study
is to determine the area in which a part of colon might have been missed by clinicians, there is
no need to calculate the camera parameters with absolute accuracy.
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One of the challenges with respect to camera motion estimation is the drift in estimating
camera parameters: because the camera pose is done by adding the incremental displacement
between each frame, the accumulation of errors between each frame could yield to large errors
after a few minutes of video. This might be a problem especially when we aim to localise the
uncovered areas from colonoscopy videos. We proposed a novel technique to reduce the drift
explained in the next chapter.

3.11 Conclusion and future work
Our study showed that KLT feature tracker could provide a reasonable number of inliers from
actual colonoscopy video frames. Our result on camera motion estimation also indicated the
small errors in camera parameter from simulated colonoscopy videos, when it implemented on
small segments of the colon. Due to the flexibility of colon, vision-based camera motion
estimation algorithms might have lower accuracy. In other studies, this could be addressed by
using an external sensor, or CT [29], [186]. In the next chapter, we propose a new method to
deal with the drift problem without using a sensor or CT images.
Since the CSIRO simulator is capable of generating realistic colonoscopy videos, an
interesting study would be the estimation of the camera parameters from their optical flow
pattern by mean of deep learning techniques. A similar work on tele-operated flexible
endoscope carried out by Bell et al. [204], and they used a robotic arm to generate ground truth
and camera motions, whereas we can utilise simulator for this purpose.
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Chapter 4 Uncovered area detection and camera location
correction
4.1 Introduction, motivation and chapter outline
Colorectal or bowel cancer has claimed the highest number of cancer related deaths after lung
cancer in western societies [1], [265]. Colonoscopy is the most acceptable screening method in
detecting cancerous polyps. During a colonoscopy, clinicians examine the colon for cancerous
polyps and remove them by a flexible colonoscope, which is equipped with a camera at the tip.
Colonoscopy is challenging as clinicians might miss some polyps during the procedure. The
average of reported miss rate for polyps by experts is about 33% [266], [267], [268]. Polyps
might be missed because of their structure (e.g. flat lesion) or they might be missed, as the area
where they are located has not been covered by clinicians. To address the former cause of this
incident extensive researches have been conducted to aid clinicians in detecting polyps (e.g.
narrow band imaging technology or polyp detection techniques) [23], [24], [25], [114]. There
are few studies that investigated the latter problem and provided assistive technologies to assist
clinicians in having a better insight of the colonoscopy procedure that they performed. For
instance, the percentages of uninformative frames was determined by Oh et al. [69] (more on
this can be found in chapter 2), and Hwang et al. [83] estimated some quality metrics including
the withdrawal time. The uncovered area behind the folds was investigated by Hong et al.
[269]. In our study, as mentioned in Chapter 1, we aimed at developing a technology to detect
areas that have not been fully covered due to the camera manoeuvres (e.g. the Splenic and
Hepatic flexures) by generating a visibility map which is a panoramic view of the internal colon
surface, and that detection areas behind folds is out of the scope of this study. An example of
our visibility map is presented in Figure 37.
A visibility map of the entire colon surface can increase the clinicians’ insight (especially
junior ones) of areas they may miss during colonoscopy procedure (uncovered areas). Another
benefit of such a map is that if a polyp is detected or removed, it might be located on the map,
and visibility map can be used as a record for following up the patients. Finally, the drift in the
estimated camera location could be reduced during the creation of such a visibility map without
using any extra sensors (more about camera motion estimation can be found in chapter 3).
Generating a visibility map from colonoscopy video is a challenging task. In general,
challenges with regards to generating a visibility map are as follows: (i) Colon is a tubular
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organ, and that the traditional algorithms in generation of a panoramic view from planar view
are not directly applicable to colonoscopy images. It is desirable to provide a model describing
the colon shape prior to generating a visibility map. We assumed that colon could be modelled
as a cylinder.

Figure 37 Uncovered areas are shown as black spots in the visibility map, which is a
panorama view of internal colon surface, frame 1-4 are from simulated colonoscopy video;
before, during and after missing a segment of colon.

This is similar to other researchers that assumed a cylindrical geometry for tubular organs
such as oesophagus [270], urethra [271], intestine [272], or even colon [273], (ii) Moving
cylindrical model inside the colon and unrolling colonoscopy images are other challenges in
generating a visibility map. One common assumption to simplify this problem was that the
centre of cylindrical model aligned with the centre of darkest point of image and that images
could be unrolled [270], [271] and stitched to provide a visibility map. This approach could not
deal with side views (camera observed colon wall) and only could make a map when camera
was pointed toward the lumen. We used camera motion parameters including translation and
rotation as a complement to the centre of the dark region to provide a visibility map from both
lumen and wall view during colonoscopy, (iii) Colonoscopy videos comprising uninformative
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frames, which have no technical or clinical information should be excluded from further
computation. Even informative frames can suffer from specular reflection. This is due to the
moisture in the colon environment, (iv) Another major challenge is the colon deformation. We
assumed that the amount of deformation between consecutive frames was negligible, but quick
deformation could be problematic.
In this Chapter, to address the above mentioned challenges; first, we review the state of
the art research literatures and related work towards generating a panoramic view from both
planar and tubular views. Then we describe our method in generating a visibility map from
colonoscopy videos to detect uncovered areas. Further, we explain how camera location could
be corrected during generating a visibility map. An extensive validation of this method was
done with simulated and actual colonoscopy videos. This Chapter ends with discussion and
conclusion from the findings in this Chapter.

4.2 Literature review and related work
The main goal of our work is to determine areas that might have been missed during
colonoscopy (the uncovered areas) to assist clinicians, and consequently increase the quality of
colonoscopy. We envisioned that this could be obtained by generating a visibility map
(panoramic image) from internal colon surface when clinicians inspect colon for abnormalities.
This section will review the state of the art and related work in generating panoramic images,
for different types of surfaces, including planar surfaces such as the larynx or liver, as well as
the tubular or spherical organs such as the oesophagus, intestine or bladder. In addition to the
above, due to the importance of localising the colonoscope during colonoscopy procedure,
methods that addressed the camera motion drift problem when the endoscope travelled in a tube
like organ are also investigated.

4.2.1 A panoramic image from internal organ
In general, endoscopes are operational tools by which clinicians can perform variety of
inspections and remedial procedures inside the body. Some examples of endoscopes, which
were developed for examining internal organs and perform surgery for different applications,
and which can be listed as: colonoscope (colon), bronchoscope (lung), gastroscope (oesophagus
and stomach), cystoscope (urethra, ureter, and bladder), Wireless Capsule Endoscope (WCE)
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(intestine), and laryngoscope (throat, ear, and nose). In all of these endoscopy procedures,
providing a computer assistance technology for generating a wider view of the internal surface
is desirable [274]. This is due to the narrow field of view of some endoscopes (especially
Minimal Invasive Surgery endoscopes), or clinicians skills in manoeuvring endoscope. Take
colonoscopy, for instance, it is hard to reach to some parts of the colon and fully cover colon
surface [19]. One way to achieve a broader view is by developing and modifying the endoscope
hardware [275], [276], another way is to apply image registration algorithms to provide a
panoramic image of the inspected surface. Implementing panoramic visualisation techniques
could decrease the need for modification of cameras’ hardware to achieve a wider view of a
scene [277]. A panoramic image could be generated either from a planar surface (which is
common in computer vision) [278] or even from more complicated geometrical surfaces such
as oesophagus [279] or intestine [280]. The basic concepts of image registration for making a
panoramic image is almost similar for either case. In the subsequent sections, we first
investigate the concept of image stitching and registration, when the endoscope camera
observes a planar surface, followed by more complicated geometrical surfaces such as tubular
scenes.

4.2.1.1 Image registration and panoramic image from planar view
Generating a panoramic image by registering a set of small images, with the aim of providing a
wider field of view of an observed scene, is a well-studied technology in photogrammetry,
computer vision, and medical image processing [278], [281], [282]. The concept of generating
a panoramic image from digital images dates back to 1994 and 1997 when the idea of image
mosaicking was developed by registering and compositing a set of images that were taken from
same scene but from different views [283], [284], [285].
Image registration is one of the challenging processes by which images taken from same
scene but from different viewpoints, sensors or at different times are geometrically aligned
[286]. A variety of algorithms have been proposed to address the problem of image registration,
and some reviews in this field can be found in [278], [286], and [287]. In general, the image
registration process consist of the following steps: (i) Detecting features and matching them or
determining the similarity between images using raw image intensity values (ii) Designing a
mapping function based on the nature of images (rigid or non-rigid) (iii) Transforming and
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resampling images to generate the final panoramic image. Figure 38 shows some of the
possibilities of image transformation.

Figure 38 Some of the basic sets of 2D image transformations.

Although there are different approaches in classifying the image registration algorithms, based
on the first step of registration [278], they can be categorised into two groups: (i) Feature-based
approach: in this methods, sparse features were extracted and matched between images. These
features are then passed to a mapping function and that images transformed and resampled to
make the final panoramic images. (ii) Area- or pixel-based approach: in this approach, the aim
is to minimise and optimise the dissimilarities between images pixel-to-pixel within the
overlapped region.

4.2.1.1.1 Feature based approaches
Registering images by feature based approaches are fast and robust as they just extract and
match high-level features between images [282]. A variety of features have been used in image
registration including lines, corners, edges, and curves [154], [288], [289]. Good features used
in image registration should be repeatable and invariant to changes in scale or illumination.
Kanade-Lucas-Tomasi (KLT) [154] is one of the commonly used features in image processing
and computer vision. Bergen et al. [290] employed the KLT feature tracker for medical image
mosaicking, Phull et al. [291] investigated a real-time application of KLT features to register
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laparoscopic images. SIFT features [152] are distinctively scale invariant, in medical image
registration SIFT features were utilised by Behrens et al. [292], [293], and a combination of
SIFT and KLT was used by Bergen et al. [294]. Laryngoscopic Image were stitched to increase
the field of view of the larynx using SIFT features by Bergen et al. [295], and SIFT feature also
was used by Soper et al. [296]. Although SIFT features are robust, they are computationally
expensive and that speed up robust feature (SURF) [153] were developed. These features have
similar performance to SIFT but with higher speed. Behrens et al. [297] used SURF for real
time bladder mosaicking, and Ynag et al. [298] implemented them to make a panoramic map
from images captured by fetoscope. The SURF and KLT were simultaneously used in stitching
the sphenoid sinuses images, and their efficiency was investigated by Bergen et al. [299]. The
SURF features has been used by Reeff et al. [300] (fetoscopic images), Iakovidis et al. [301],
Spyrou et al. [302] (WCE images), Richa et al. [303] (retinal surgery), and Vemuri et al. [304] (
minimal invasive surgery (MIS) images). Other feature detectors and trackers have been
implemented and exploited to generate panoramic images from endoscopic images. For
instance, retinal images were aligned by matching landmarks using sparsity of the
correspondence matrix [305], and a comparison of feature descriptors for MIS was reported by
Mountney et al. [306].

4.2.1.1.2 Pixel-based approach
Pixel based (Area-based) methods, sometimes called direct methods, determine the similarity
between images by shifting or wrapping images. During registration, windows with a specific
size or sometimes even the whole images were utilised to estimate similarity by minimising a
criterion. Some criteria which have been used for minimisation purposes are the normalised
cross correlation, the sum of squared differences, and mutual information (MI) [286].
Although feature-based algorithms are popular, some research groups have successfully
employed the pixel-based methods on endoscopy images. The pixel-based methods are claimed
to be reliable in frames which suffer from lack of texture [278]. Hernandez-Mier et al. [307],
Ben-Hamadou et al. [308], and Miranda-Luna et al. [309] are among those who implemented
pixel based algorithm specifically on bladder images, Weibel et al. [310] combined the pixelbased algorithm with a feature based technique, using SURF features to make panoramic view
of the bladder.
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The main disadvantage of pixel-based algorithms is the extensive computational time for
registration. Besides, these methods are unable to deal with the image deformation or noise as
they just use raw image intensities (windows or in some cases a circle patches of the image) to
minimise the registration function [282], [286].
Some examples of panoramic images from different organs, when the camera had a
planar view are shown in Figure 39. In last few years, extensive studies have been conducted
on image registration processes to generate a panoramic image, and some comprehensive
reviews on methods and concepts of image registration are published by Goshtasby [282],
Zitov and Flusser [286], Szeliski [278], and Brown [287].

Figure 39 Examples of panorama view of medical images: a) fluorescence images from
bladder [297] b) liver images [290] c)images captured during minimal invasive surgery (MIS)
[311] d) intestine [301] e) Laryngoscopic Images from larynx [295] f) images from retinal
surgery [303].

4.2.1.2 Panoramic image from tubular scene
In recent years, extensive researchs have been pursued to provide a panoramic view of tubular
organs such as the oesophagus, intestine, or urethra. When a camera is moving inside a tubular
organ it can have the following motions: (i) side way move, (ii) back and forth with only lumen
view. The side way moves provide a planar view and that the registration and generation of a
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panoramic image from these type of scenes is similar to what we investigated in the previous
section. When there is a combination of side way and back and forth motion inside the tubular
or spherical organs, making a panoramic image is complicated and a specific model is desirable
to deal with this problem. This section reviews methods which considered these types of scenes
in providing a panoramic image.
Seibel et al. [270] developed a tethered capsule endoscopy (TCE), which used laser light
to capture images from the oesophagus. Apart from physical benefits of using laser light such
as narrow-band, fluorescence and hyperspectral imaging, they proposed an imaging technique
by which a panoramic image of the internal surface of oesophagus could be provided. Their
image technique was based on the early work of Rousso et al. [312], explaining image
mosaicking by a pipe model from a tubular scene. By assuming that the oesophagus could be
modelled as a pipe, oesophagus images were mapped into this cylindrical model surface. They
also assumed that the centre of this pipe passed through the centre of the dark region in the
image. With this information, the oesophagus images were projected onto the cylindrical
model. By computing the camera parameters using a restricted affine transformation a part of
the image which was used for producing panoramic image was extracted (they call it strip
which is band image in our method). Finally, strips were registered using affine model for pipe
projection [312]. Although the primarily results of this method showed the possibility of
providing a panoramic image from a TCE videos, the method is slow, and there is a need to
compute the camera parameters precisely with six degrees of freedom (DOF). This is due to the
fact that affine camera model just has 4 DOF (more can be found in chapter 3). It is necessary
then to add a sensor to the TCE to estimate all camera parameters. There is also a need to
modify this method to deal with illumination by calibrating the mosaic images. Yang et al.
[313] applied the similar method to detect fluorescent hotspots in images captured from
Barrett’s oesophagus, and that they could visualise these points on a panorama map.
Carroll and Seitz [314], improved the above method by estimating the camera pose
between images using image alignment approach introduced by Lucas-Kanade (LK) [257]. In
this approach, rather than using the state of the art method for detecting camera pose such as
structure from motion (SFM) algorithm [315], they determined a wrap between camera pose
and images through a function of surface geometry. They assumed that the 3D geometry of the
inspected organ is known and images could be back projected into this geometry similar to the
work of Seibel et al. [270]. The darkest point or vanishing point also was used as a constraint
for global optimisation. By knowing the camera displacement, they selected the patches of
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pixels in which they had no overlapping area from video sequences. This could introduce
artefacts which were addressed by blending final panoramic image. A disadvantage of this
approach is that the global optimisation was not suitable for real-time applications. It was
essential to estimated camera parameters with more accurate algorithms to improve this method
as LK is sensitive to noise such as specular reflection.
Zhang et al. [279], proposed a computational method (manifold mosaicking) to improve
generating the panoramic image from tubular scenes [312]. For manifold mosaicking, they
extracted the strips from images in a way that the optical flows were parallel or approximately
parallel on the strips. This could be achieved by using the Focus of expansion (FOE), the
Möbius mapping function [316], and back projection of circular ring extension. The strips were
chosen small enough to satisfy the parallelism condition. By estimating the homography
transformation [281] between images, strips were transformed and the final panoramic image
was produced by stitching these strips. In this model the centre of concentric rings was the
FOE. Seibel et al. [270] showed that the centre of the dark region is a better option for this
reason, as the FOE is an unreliable indicator of a pipe’s central axis. Other assumption that they
made were as follows: (i) The intrinsic camera parameters remained constant (no zooming) (ii)
Images were captured from a tubular scene, and (iii) The camera motion was just back and
forth with lumen view [279]. As it can be seen, there is a need to provide an algorithm to deal
with all different types of camera motions and not only the in-and-out motion inside the lumen
without any side views.
The intestine is another tubular organ which is examined mainly by wireless capsule
endoscopy (WCE). Generating a panoramic view from WCE images has been investigated by
Szczypinski et al. [317], [318], Drozdzal et al. [280], and Iakovidis et al. [301]. A panoramic
image from intestine can reduce the diagnosing time for clinicians. Szczypinski et al. [317],
applied a deformable ring model on WCE images to extract precious information. In their
method, concentric circles composed of active interconnected nodes, which is explained by
Szczypinski and Materka in [319], were tracked in intestine images, and that WCE images were
unwrapped into a panoramic image. The assumption in this case was that most of the motion by
WCE were along the lumen view rather than the side view. The produced map in this case
could not deal with side views and was inaccurate in depicting of the GI tract. Drozdzal et al.
[280], proposed an imaging technique called adaptive cut (AC) to provide a panoramic view of
WCE images. By AC the best longitudinal view from WCE images was estimated, and it was
assured that the cut direction passed through the centre of image. The images then were
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unrolled and a strip of each image was placed on a panoramic image. In this approach, the
centre of dark region played an important role, as it was assumed that the lumen was a dark
blob in the image and the cut passed through this point. This assumption could fail when there
was some dark food content or water bubble in the image.
A panoramic image was generated from images captured from the urethra by Igarashi et
al. [271], [320]. The method was based on the shape-from-shadow technique which was
proposed by Deguchi and Okatani [321] to reconstruct urethra geometry from endoscopic
images. In their approach, they assumed urethra could be modelled as a cylinder, and the
cylinder axis could perfectly align with the optical axis (the centre of dark region). The
panoramic image then was built by unrolling images and stitching unrolled images, using the
cylindrical model when endoscope moved out from urethra with a constant speed. The same
approach was also implemented by Ou-Yang et al. [322], in images captured by radial imaging
capsule endoscope (RICE) system.
Some research groups have explored generating a panoramic view from virtual
colonoscopy images such as CT images by applying a triangle mesh or circular parametrisation
[273], [323]. This could provide a flattened view of the internal colon surface, and facilitate the
inspection procedure. The accuracy of a map from CT images depends not only on the quality
of CT scan, but also on the colon model, the lighting and the shading. Unwrapping images have
also been investigated in images captured from coronary vessels by Intravascular Ultrasound
(IVUS) technique [324], [325], [326], and Gastroscopy images [327], which are out of the
scope of our research. Examples of panoramic images generated from some tubular organs are
shown in Figure 40.
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Figure 40 Examples of panorama view generated from tubular organs: a) oesophagus by
Seibel et al. [270] b) oesophagus by Zhang et al. [279] c)intestine by Szczypinski et al. [317] d)
intestine by Drozdzal et al. [280] e) urethra by Igarashi et al. [320] f) Colon (CT images) by
Carrascosa et al. [323].

4.2.2 Camera motion correction from band image registration
In Chapter 3, we reviewed the camera motion estimation methods from endoscopic videos.
Methods by which camera motion parameters were estimated could be categorised as computer
vision- or hybrid-based methods (combination of a sensor or computer vision results).
Computing the camera motion parameters with vision based methods often results in a drift in
camera location (location errors accumulate as the video is processed), especially in the Z
direction (colon long axis, or distance travelled by the camera along the colon). For instance,
Lie et.al [178], proposed an optical flow based method, they classified different motion flows
and applied a specific algorithm for each of them to reach a robust camera motion estimation
from colonoscopy videos. The application of optical flow methods led to a drift in camera
motion estimation and these methods were unable to estimate camera pose in existence of
uninformative frames [26], [188]. Application of SLAM in the oesophagus, which is a tubular
organ similar to colon, showed a noticeable drift in camera motion estimation [194]. Some
methods refined and corrected the estimate from computer vision approaches to one obtained
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from a sensor, which provides an absolute 3D position of the tip of endoscope [191], [328].
Others, employed pre-operative CT scans, which is often associated with computer vision
based estimate [28], [29], [212]. The sensors need to be placed inside the endoscope operational
channel (which is used for biopsy tools), and can interfere with other sensors and instruments in
an operation room[225], [230].
Bao et al. [272] processed images captured from intestine by WCE to determine camera
location. First, they unrolled WCE images (generate a band image) by inverse projection of a
cylinder to the centre of the image using a method proposed by Tillo et al. [329]. Then, the
motion features were tracked on unrolled images (band images). By analysing the displacement
of these motion features they could estimate linear translation and rotation along the long axis
of WCE camera. Bao et al. [29] (2015) improved their previous method (presented in [272]) by
combining the results obtained from tracking features on band images with the results of radio
frequency (RF) localisation techniques to increase the robustness of localising the WCE inside
the intestine.

4.2.3 Current gap in generating a visibility map from internal colon surface and
drift in camera motion estimation
Despite the remarkable progress in generating a panoramic image from internal organs (as it
presented in the previous section), yet with the best of our knowledge, there is no publication in
which provides a method to generate a visibility map of the colon surface from optical
colonoscopy to determine the uncovered areas. This is particularly, due to the complicated
structure of the colon, and its deformation because of air injection or specific manoeuvers
which are performed by clinicians. It is challenging to design a robust and efficient method for
a variety of physical scenes, especially for scene captured from tubular organs.
In almost all proposed methods for generating a panorama view from tubular organs, it
was assumed that the camera motion being only back and forth without having any side views.
More than that it was assumed that tubular organs could be modelled as a cylinder. The centre
of dark region then was chosen as a constraint, and it was assumed that the centre of cylinder
model aligned with the centre of dark region. Any side views could potentially degrade the
proposed algorithms, and that a method to deal with all possible camera motion in generating a
panoramic image from a tubular organ is necessary. By generating a panorama view (visibility
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map) from optical colonoscopy videos, we expect to determine areas that have not been fully
covered during this vital process.
Localising the colonoscope camera with an acceptable accuracy is another challenge in
optical colonoscopy. Some research groups have addressed this problem by registering optical
endoscopy images with virtual endoscopy images such as CT images, others employed a sensor
to localise the camera. Bao et al. [29], analysed unrolled WCE images along with radio
frequency signals to determine camera parameters but reducing the drift in the estimated
camera motion parameters from colonoscopy videos without using any extra sensors remained
as a challenge.
Considering the above challenges, in the next section we explain our proposed method in
generating a visibility map from internal colon surface by which we could determine uncovered
areas that were out of the camera field of view. Further, we describe our novel approach to
reduce the camera motion drift during generating a visibility map.

4.3 Overview of the proposed method
We assumed that the colon could be modelled as a dynamic cylinder that moves with respect to
camera motion. For this reason, the camera parameters were estimated through epipolar
geometry analysis (Chapter 3). By knowing the camera parameters and the smoothed camera
path, which determined the colon direction (Figure 43), the colon model could be fitted to the
colon structure and projected into the colonoscopy image. We used the centre of dark region
rather than the darkest point of the image to update the orientation of projected cylinder into
image. The intersection of projected model into the image was extracted and formed into an
unrolled colonoscopy image (band image). Registering the consecutive band images could
generate a visibility map, which is a panoramic view of internal colon surface. This visibility
map could reveal uncovered areas as shown as dark spots in Figure 41. Further, by analysing
the results of band image registration, the error in the estimation of the camera location
(distance travelled by camera along colon centreline and camera rotation along Z direction)
could be reduced.
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Figure 41 The main schematic of our proposed method to generate visibility map.

4.4 Camera motion estimation
In Chapter 3 we investigated the camera motion estimation from colonoscopy videos. Our
method to estimate camera motion parameters consist of the following steps: (i) Offline camera
calibration (estimate intrinsic camera parameters), (ii) Feature detection and tracking, and
uninformative frames removal, (iii) Estimate extrinsic camera parameters (rotation and
translation) and smoothing the camera path using Kalman filter.

4.5 Unroll colonoscopy image and update camera location
In this Section, we describe how circumferential bands of the colon surface were extracted from
an image to unroll a colonoscopy image and generate a band image. Furthermore, it shows how
band image registration could be used to correct the estimated camera motion parameters
(distance travelled by the camera along the colon centreline and camera rotation along Z
direction).
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4.5.1 Model colon as a cylinder
We assumed that a colon could be modelled as a cylinder. Figure 42, illustrates the cylindrical
model; this cylinder is made of concentric 3D circles, and every point such as 𝑃𝑖 = (𝑋𝑖 , 𝑌𝑖 , 𝑍𝑖 )
on a 3D circle was calculated by:
𝑋𝑖 = 𝑟̅ . 𝑐𝑜𝑠(𝑖 ∙ ∆𝜃) , 𝑌𝑖 = 𝑟̅ . 𝑠𝑖𝑛(𝑖 ∙ ∆𝜃), 𝑍𝑖 = 𝑗 ∙ ∆𝑍𝑐

Eqn 4.1

where (i, j) are number of points on each circle and the number of circles respectively, ∆𝜃
is the angular resolution and ∆𝑍𝑐 is the distance between circles defined by the number of
vertices used on the circumference (𝑁𝑣 ) and colon radius:
∆θ = 2π/𝑁𝑣 ,

∆Zc = 2πr̅ /𝑁𝑣

Eqn 4.2

Figure 42 a) Colon modelled as a cylinder, b) Colon model transformed to camera coordinate
by extrinsic camera parameters, c) Projection of cylindrical model into the image.

4.5.1.1 Colon radius
The colon radius (r) was varied in different segments of the colon. We computed an average of
the colon radius (𝑟̅ ) and substituted it in Eqn 4.2 and 4.1 by the following steps; (i) The 3D
structure (point clouds) of a colon segment between each two images was built in camera view
(Figure 43 a) using triangulation and estimated camera parameters. (ii) the 3D concentric
circles (cylinder) were fitted to the point clouds in camera view [330] (Figure 43 a). The local
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3D structure in camera view could be transformed to the world view to build the final shape of
the colon (Figure 43 b). (iii) The average of fitted circles radius was used as the estimate of the
colon radius (Figure 43 c). For actual colonoscopy video due to the noise in estimating camera
parameters, and failure of 3D reconstruction when camera motion was just pure rotation [281],
in each video segment ten best 3D local colon structures were manually selected and a cylinder
was fitted to them. The average of these radii was used as the fix radius for that video segment.

Figure 43 a) 3D reconstruction of a segment of colon between two consecutive images in
camera view, and fitted cylinder to the local point cloud, b) transformation of 3D structure
from camera view to the world view, c) average of radius for colon model in the world
coordinate, and the red line is camera path.

4.5.2 Project colon model into image
By knowing the average radius of colon and the smoothed camera path, the cylindrical model
could be fitted to the colon and projected into image plane. Each point Pi on the cylindrical
model was first transformed to the camera coordinate through the extrinsic camera parameters
(R,T) inferred from Chapter 3. By using the intrinsic camera parameters obtained from the
offline calibration, those points (𝑃𝑐𝑖 ) were projected into the image plane 𝑝𝑖 (Figure 42 and
Figure 44).

88

Figure 44 Projection of cylinder into video frames when camera moving backwards from the
time (t) to (t+1); a) camera looking toward the centre of colon, b) the camera location and
orientation change.

4.5.2.1 Update cylinder pose
To initialize the cylinder position in the image, the camera orientation was updated by forcing
its line of sight to go through the centre of the dark region of each image, which is explained in
the next section.

4.5.2.1.1 Estimate the darkest point and initialise cylinder pose
The darkest region was calculated through segmenting the image using Otsu thresholding, and
its centre defined as the mean of pixel position for the final segmented region [331], one
example on actual colonoscopy is shown in Figure 45. The centre of dark region was especially
used in actual colonoscopy cases that the colon was not a long straight tube.
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Figure 45 The left image is an actual colonoscopy image before applying Otsu method and the
right one is the same image after two times segmentation by Otsu, the centre of dark region is
shown by a green cross, and the red cross is the darkest point of the image.

4.5.2.2 Estimate area that needs to be extracted from image (red and green
perimeters)
Prior to unrolling the images from the projected cylinder, we determined two perimeters
(shown as red and green in Figure 46). The locations of those two perimeters were estimated by
calculating the average intensity of the colon wall along the direction of the colon and
thresholding at 50%, resulting in two perimeters defining the width of the band image. In other
words, the band image was selected corresponding to the area in the colon receiving the 50%
most illumination from the colonoscopy light (number selected empirically after testing).

Figure 46 The left graph shows profile lines representing the intensity value of image. The red
curve in the graph is the average of profile lines which was used to estimate red and green
perimeters.
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4.5.3 Band image extraction
By knowing the green and red perimeters, when a cylinder was projected into image, the area
between these perimeters was unrolled. This generated a rectangular image as it is shown in
Figure 47 (we call it as band image hereafter).

Figure 47 The first row represents the fitted cylindrical model into the colon structure through
extrinsic camera parameters, the second row shows the projected cylinder on the colonoscopy
image, and the last row demonstrates the extracted band image ( the area between green and
red perimeters) from a real and simulated image. Left shows an example of an actual video
whereas right shows an example of a simulated video

4.5.4 Band image registration
The Speeded Up Robust Features (SURF) [153] method was utilised to detect features and
match them between consecutive band images (Figure 48). The mean of features’ displacement
in u and v direction was passed to an affine transformation model to register band images. The
estimated camera rotation in Z direction 𝑅𝑧 and the distance travelled by the camera along the
91

colon centreline 𝑇𝑧 could be corrected through their relation with features displacement on band
images after each frame.

Figure 48 SURF features were detected and matched between consecutive band images, left is
on actual images and the right one obtained from simulated images.

4.5.5 Camera location correction through band image registration
4.5.5.1 Distance travelled along colon centreline
The distance travelled by the camera in the Z direction along the colon centreline is related to
the mean of feature displacement in the v direction on consecutive band images (𝑣̅ ), and to the
distance between circles on the cylinder ∆𝑍𝑐 (obtained from Eqn 4.2) by:
𝑑𝑍 = 𝑣̅ ∙ ∆𝑍𝑐

Eqn 4.3

Each band image was saved and its position recorded on the visibility map such that if the
camera moved back or forth covering the same position, the new band image will be matched
with the one already mapped. The mean of this displacement then represents the current
displacement of camera in between the two images.

4.5.5.2 Error in Camera rotation along Z direction
The relation between error in camera rotation along Z axis (εφz ) and the mean of features’
displacement in u direction (𝑢̅) on the band image is represented by:
𝜀𝜑𝑧 = 𝑢̅ ∗ ∆𝜃
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Eqn 4.4

4.6 Visibility map generation and uncovered area detection
The size of the band image was selected so that under the range of clinical applications, two
consecutive band images would overlap. We further assumed that the deformation of the colon
between two consecutive frames could be neglected, which allowed us to use an affine
deformation model to reconstruct the whole internal colon surface as the colonoscopy video
was processed (Figure 49 and Figure 50). Where there was an overlap between two band
images, the maximum value of pixel intensity was used in order to keep the view with the
greatest illumination (assuming that it would have the most details). The effect of specular
reflection was removed prior to stitching band images by the mask generated from processing
the saturation colour channel using Otsu thresholding as described in chapter 2.

Figure 49 A segment of the colon on the left, and some images captured when camera was
moving inside this segment is shown in the second column, visibility maps before and after
registration are last panels.

When a visibility map was generated, areas which had not been fully covered were
shown as black spots. Indeed, in those black areas there were no texture to be mapped to the
visibility map. For example, in Figure 47 a band image from the actual and simulated frame
was extracted, the area outside the green perimeter was out of camera field of view, and painted
as black. By registering band images some of these black areas later become textured if they
become covered by the camera field of view.
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Figure 50 The first row is a simulated colon, and example of visibility map generated by our
proposed method (second row) when the camera travelled along the entire colon, the ground
truth (blue) was available from the simulator and could be used for validation.

4.7 Dataset
4.7.1 Simulated video
The simulated videos used for validation were generated by the CSIRO realistic simulator
[237], which was explained in Chapter 1. The parametric mathematical model of the colon
model used by the simulator comprises a series of chambers described by 3D splines, allowing
the generation of realistic human colon geometry, which makes it more complex and different
than the model used in this thesis (straight cylinder). The size of frames generated by Simulator
was 1856×1044 pixels, and the rate of capturing frames was 30 frames/second. The simulator
could also generate the ground truth, consisting of the camera location and pose from which
motion parameters could be computed and validated. It could also generate a mask of
uncovered areas by computing number of pixels observed by camera, which was used for
validation.
Ten different realistic videos were simulated each with a different colon anatomy
reflecting the variability found in population as designed by our clinical expert. All videos
consisted of variety of possible actions that might be performed during colonoscopy procedure,
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such as back and forth or close wall inspection. A summary of the dataset used in our
experiments is presented in Table 7.

4.7.2 Actual colonoscopy video
In our experiments, a 190HD Olympus endoscope was used to capture actual colonoscopy
videos. The resolution of the image was 1352×1080 pixels and the frame rate was 50
frames/sec. The performance of our algorithm was investigated on eight different segments of
the colon (in average around 20cm). These segments were extracted from withdrawal phase of
colon inspection from seven different patients. The validation results and more information
about each segment is explained in Table 8.

4.8 Experiments and validation
4.8.1 Visibility map from realistic simulated videos
During a colonoscopy, clinicians often move the colonoscope back and forth for better
inspection which generates some overlapped band images from the same place but with
different views (e.g. some might be brighter/ darker due to the lighting difference). Figure 51
illustrates a case when the camera was moving forward facing one side of the colon and then
returning to the same place while another side of the colon was examined. The final image
(Figure 51 panel d) is a composite of the back and forth maps (Figure 51 panels a & b) which
correctly covered the internal surface.
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Figure 51 Visibility map generated from a segment of simulated colon: a) a part of colon
missed in forward motion, b) another part of colon uninspected in backward motion at the
same place, c) combining two visibility maps by max of pixel value, and removing specular
reflection, d) effect of band image registration.

The performance of our method in detecting uncovered areas on ten different video
segments was evaluated by visually comparing the number of uncovered areas in the maps
generated from the video to the ones obtained from the ground truth. The sensitivity and
precision then could be computed by estimating (i) The number of uncovered areas which were
correctly detected by our method as true positive (TP), (ii) The number of incorrect uncovered
areas as false positive (FP), and (iii) The number of areas which were uncovered but our
method could not detect them as false negative (FN). The sensitivity was estimated as (𝑇𝑃/
(𝑇𝑃 + 𝐹𝑁)) and precision was calculated as (𝑇𝑃/(𝑇𝑃 + 𝐹𝑃)) [332]. The sensitivity and
precision for the ten videos were 98% and 96% respectively (full details in Table 7).
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Table 7 Video segments generated by CSIRO simulator for our experiments.
Simulated colonoscopy video
Video

Colon type

Camera motion

segment

Number

Uncovered areas

of frames

TP

FP

FN

Segment1

Straight colon

Straight and turn to a side
(Lumen and wall view)

700

2

0

0

Segment2

Straight colon

Complex camera move, In and
out (lumen and partial wall view)

608

2

0

0

Segment3

Curve colon (sigmoid)

Complex move (lumen view)

615

0

0

0

Segment4

Curve colon
(sigmoid+ rectum)

Complex move (lumen and wall
view)

760

2

0

0

Segment5

Colon1 (whole colon)
(2 sharp flexure)

Variety of camera motion

1109

8

1

0

Segment6

Colon2 (whole colon)
(2 sharp flexure)

Variety of camera motion

905

4

0

1

Segment7

Colon2 (whole colon)
(2 sharp flexure)

Variety of camera motion along
colon centreline

905

5

0

0

Segment8

Colon3 (whole colon)
(2 sharp flexure)

Variety of camera motion

857

2

0

0

Segment9

Colon4 (whole colon)
(2 sharp flexure)

Variety of camera motion

958

12

0

0

Segment10

Colon5 (whole colon)
(2 sharp flexure)

Variety of camera motion

912

9

1

0

4.8.2 Application to actual colonoscopy video
After implementing our algorithm on actual colonoscopy videos, two experiments were
conducted to determine the efficiency of uncovered area detection. First, the expert noted the
uncovered areas from visualising the colonoscopy videos. In the second experiment, the expert
marked again the video for uncovered areas while simultaneously observing the visibility maps
that we computed. During the first test, he noted nineteen areas as uncovered, whereas in the
second case he noted twenty-four uncovered areas. The results of the latter experiment were
used as a gold standard to evaluate the sensitivity and precision of our automated method,
which was found to be 96% and 78% respectively. Table 8 shows information of the actual
colonoscopy segments which were used to validate our proposed method. Figure 52 represents
two examples of the visibility map generated from different segments of a colon, and Figure 53
is another map generated from a segment of colon, the dark area and associated images to those
uncovered areas are also shown in this figure.
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Table 8 Actual colonoscopy video segments, and uncovered areas.
Actual colonoscopy video
Video
segment

Colon segment

Colonoscopy phase

Segment1

Cecum + Ascending

Withdrawal phase from patient 1

Segment2

Ascending

Segment4

Patient id

Number
of frames

Uncovered areas
TP

FP

FN

2700

9

2

0

Withdrawal phase from patient 2

633

1

1

0

Transverse

Withdrawal phase from patient 2

1322

4

1

1

Segment3

Transverse

Withdrawal phase from patient 3

635

4

1

0

Segment5

Descending + Sigmoid
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Figure 52 a) A sample visibility map from a segment of a real colon, where in this case, the
whole colon was covered, and b) a map from another part of the colon from another patient,
where dark spots indicate uncovered areas.

98

Figure 53 The visibility map from a segment of colon, where the dark spot in the visibility map
represents areas that are missed when the clinician withdraws colonoscope, and (n) is the
frame number.

4.8.3 Camera motion correction
The feasibility of the camera motion correction through band image registration was
investigated by adding perturbation to all camera parameters for a simulated colonoscopy. We
compared the camera location and estimated the pose from the video to the ground truth (from
the simulator). The same validation was done after correcting the camera location and pose
using the band registration results as explained in section 4.4.5. Figure 54 illustrates the results
on a typical colon section. The absolute average error between estimated camera location by
optical flow and the ground truth was reduced by 50%. The distribution of error for 𝑇𝑧 and 𝑅𝑧
is shown in Figure 55.
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Figure 54 Application of our proposed method when the estimated camera location in Z
direction was corrected on a segment of colon with 525 contiguous frames.

Figure 55 a) The percentage of images with similar error before and after camera location
correction for translation (Tz), and b) rotation (Rz) in the Z direction.

The same experiment was repeated on actual colonoscopy videos. We analysed video
segments where the camera was moving back and forth for better inspection. First, the camera
motion was estimated by epipolar geometry (Chapter 3), and then 𝑇𝑧 and 𝑅𝑧 were updated
through band image registration using Equation 4.3 and 4.4. The result of qualitative
comparisons of images at the same position before and after correction is shown in Figure 56.
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When the camera location was estimated by optical flow only (green curve), we selected two
points at the same location on the colon long axis (Z coordinate). Without any drift, the video
frames at those two locations should show the same scene (with slight view variations due the
different camera pose). The top row in Figure 56 shows that it was not the case. When the
camera position had been corrected using the registration results of consecutive band images,
the corresponding two video frames were very similar as shown on the bottom row of panels in
Figure 56.

Figure 56 The green curve indicates the estimated camera location in Z direction, and points
one and two refer to the camera location when moving back and forth. The blue curve is
corrected camera location by band image registration, points three and four represents the
same place when camera moves back and forth

4.9 Limitations
Currently, there is no ground truth available for the actual colonoscopy video to validate
camera motion correction. Large deformation of the colon will dramatically affect our
algorithm and that a more complex colon model is needed to deal with this problem as it is
discussed in the next section.

101

4.10 Discussion and conclusion
In this chapter, we presented a method to build a visibility map of the internal colon surface
from colonoscopy video by which the uncovered areas could be determined. The proposed
method was validated on simulated and actual colonoscopy video segments. The sensitivity and
precision in detecting uncovered areas for the simulated videos were 98% and 96%
respectively, whereas in actual colonoscopy video segments 96% sensitivity and 78% precision
could be achieved. We also investigated the feasibility of correcting camera motion estimate by
registering band images, resulting in the drift in camera localisation to be reduced by 50%.
In this work, to generate a visibility map, it was assumed that a colon could be modelled
as a cylinder, and then by estimating the camera parameters through epipolar geometry analysis
(optical flow), the colon model was fitted and projected to the image. Projecting the cylinder
model on each colonoscopy frame allowed for the extraction of a segment of the image (band
image). The consecutive band images were registered to provide a map representing the entire
internal colon surface. The camera rotation and translation in the Z direction was corrected for
drift from the band image registration results.
The key differences of our method with other similar work, especially the ones
performed in WCE videos [29], [280], [328] are as follows: (i) in our method the colon model
was dynamic and moved with respect to the camera parameters, (ii) the average of colon radius
was estimated by fitting cylinder into colon structure, (iii) camera parameters were estimated
by optical flow and updated through the band image registration, as a result no external sensor
or CT image registration was used.
The uncovered areas which have not been observed by the clinicians or were out of the
camera field of view (UA) during colonoscopy showed up in our visibility map of the colon
surface as black areas, allowing easy identification. Errors in the camera parameters would
hamper band image extraction and result in error of the position of the band images on the
visibility map. This was reduced by registering successive band images. One of the main
challenges in estimating the camera parameters from optical colonoscopy is the deformation of
the colon itself which reduces the accuracy of computer vision based algorithm [26], [178]. As
a result, our model might be inaccurate in recovering camera motion when the colon structure
is extremely deformed. We are planning to evaluate this, but without ground truth this task is
very challenging.
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The motion of the colonoscope operated by clinicians during colon inspection can be fast,
which makes camera motion recovery and visibility map generation challenging. In addition,
dirty lenses or blurry images could also result in missing colon segment. As a result, band
images might not overlap and might cause missing trajectory of features on colonoscopy
images. In those cases, only parts before and after those sections could be mapped to the
visibility map, resulting in separate segments. Various segments might be stitched together if
the camera eventually covers overlapping areas. To minimise this problem we selected the band
images to be wide enough to overlap in all our cases, but there is no guarantee that all the
possible cases are covered. A more sophisticated algorithm to detect and stitch colon segment
remains to be investigated.
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Chapter 5 Summary and future work
5.1 Summary
Colorectal cancer is the third leading cause of cancer related death after lung cancer in
Australia and the fourth one worldwide [1], [265]. Among screening methods for diagnosing
colorectal cancer, optical colonoscopy is widely practised by many clinicians and is known as
the gold standard [6]. Despite its popularity, it has been reported that up to 20-30% of the
mucosal surface might not be covered during colonoscopy [19], [75]. This can increase the
chance of missing polyps [19]. The uncovered areas can be categorised as (i) Hidden areas
behind the haustral folds (HA), or (ii) uncovered areas that were out of the camera field of view
(UA) due to specific manoeuvres performed by clinicians or colon structure (e.g. Splenic,
Hepatic flexures). The HA was investigated by a team from Mayo college of medicine [269],
[333]. Determining the extent of uncovered area (UA) and providing assistive technology to
help clinicians have remained very challenging with very few publications to date.
In this thesis, a novel framework was proposed to determine areas out of the camera field
of view during colonoscopy procedure by generating a visibility map. In our research, we
benefited of the availability of the CSIRO colonoscopy simulator that allowed to generate
unlimited number of cases along with the ground truth. The proposed framework consists of the
three main steps, the subject of chapters 2, 3, and 4.
In Chapter 2, a novel method was proposed to classify colonoscopy frames into
informative or uninformative. This method was based on unsupervised machine learning
approach (Random Forests) using motion, edge and colour features to extract uninformative
frames that had no technical or clinical information. The benefit of this method over existing
endoscopy frame classification algorithms was using the same motion features that were used
in the following steps, thereby reducing computation burden.
In Chapter 3, an optical flow algorithm was proposed to estimate the camera motion
parameters. After reviewing the literature, computer vison based methods were preferred
because they showed to be cost effective and there was no need to modify colonoscope
hardware. We focused on optical flow methods. The performance of different motion feature
detectors and trackers were examined using both the CSIRO simulator and actual colonoscopy
video. We found that KLT features were reliable to estimate camera parameters. We further
assumed that the deformation between consecutive frames could be neglected allowing to apply
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epipolar geometry analysis to estimate the camera motion parameters. Optical flow methods
resulted in a drift in camera motion estimation because of the error accumulation between
successive frames. This drift could be reduced when processing the visibility map.
In Chapter 4, the main challenge regarding the uncovered areas was addressed by
generating a visibility map from informative frames. A visibility map could reveal areas that
were out of the camera field of view during a colonoscopy procedure. For generating visibility
maps, colonoscopy frames were unrolled (band image) and stitched together assuming
sufficient overlap. By analysing motion features on consecutive band images, the drift in the
estimated camera motion parameters was reduced.

5.2 Results and future work
The proposed classification method was validated on actual colonoscopy video frames that
were manually marked as informative and uninformative by an expert. The results showed 86%
precision, 75% sensitivity, 97% specificity, and 94% accuracy. In this method, KLT motion
features along with colour and edge features were used for classification. As a future work,
other motion features such as SIFT or SURF can be investigated. Adding other types of
features such as texture (e.g. wavelet, GLCM) might even improve the proposed classification
method. In addition, other classifiers such as SVM or Neural network (NN) can be investigated
with the proposed features. This might improve the performance of our method. Due to
resource constraint, only a small datasets of actual colonoscopy video annotated by an expert
were used for validation. In future, that method should be tested on larger datasets, including
colonoscopy frames with different qualities, and on wireless capsule endoscopy (WCE) or
bronchoscopy videos.
Our results showed that a visibility map could increase awareness of clinicians. For
instance, during our experiment when the expert saw the visibility map, he changed his opinion
and added uncovered areas that he did not note as missed before. This map could also be useful
for junior clinicians to improve their skills and increase inspection efficiency, thereby reducing
the probability to miss polyps and pathologies. Improvement of training using the visibility
map is a promising area that has yet to be investigated. Additionally, if polyps are seen by the
camera, they end up mapped on the visibility map, which could be used for reporting. For
instance, in Figure 57 three polyps are shown, but only two of them (number 1 and 3), were
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seen and consequently mapped to the visibility map. This is a promising direction, one can
investigate the automatic detection and localisation of polyps from the visibility map.

Figure 57 Mapping polyps to visibility map; the first panel is the simulated colon with some
polyps, the second panel shows two frames from where visible polyps are observed, and the last
panel shows polyps on the segment of visibility map. Polyp number 2 was in uncovered area,
and has not been mapped into visibility map.
Novel colonoscopy technologies offer a much wider field of view covering a greater area and
this tends to a reduction in the percentage of uncovered areas [276]. Our proposed framework
could be extended and easily adapted, by estimating a specific lens model. Having multiple
views of the haustral folds would allow us to model folds as part of the 3D model. In addition,
implementing more complicated colon model such as 3D model proposed by Zhou et al. [334]
or Hong et al. [14] should improve the quality and realism of the visibility maps. Another
avenue to improve on our work is to generate a dynamic colon model from the colonoscopy by
utilising machine learning approach. Features of colonoscopy frames would be compared to a
dictionary of simulated colonoscopy frames (for each frame its geometry and camera
parameters are saved to dataset). By detecting the most similar frames, the 3D model of the
actual colon could be inferred and a mesh representing the colon built as the video progresses.
This model could be more reliable and replaced with the current cylinder model that we
proposed in this thesis. This approach would also provide an estimate of the camera parameters.
Our preliminary result for matching a simulated image to an actual colonoscopy frame in a
small dataset is shown in Figure 58.
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Figure 58 Actual colon geometry and camera motion can be estimated from simulated frames;
the left image is an actual colonoscopy frame and the right one is the best match from a
dictionary of simulated images.
Our proposed method for reducing camera motion drift by analysing the motion features on
band images showed that camera location inside the colon could be corrected without using any
external sensors. In addition, machine learning approach can be utilised to learn the pattern of
motion features from simulated colonoscopy frames, and later recognise the camera parameters
on actual frames with similar motion pattern. This would allow us to improve camera motion
estimation in colonoscopy video. Extending the application of our framework on bronchoscopy
and WCE video frames is another research path for further exploration in future.
Detecting and tracking suspicious haustral folds (fold that might hide polyps) is another
important field of research in optical colonoscopy. Based on intensity discontinuity or motion
parallax (motion differences between close and far objects), folds that are thick and might hide
polyps can be detected. This folds can be then marked in the visibility map. Figure 59 shows an
actual and simulated colonoscopy frame with suspicious folds. Estimating the size of these
folds, and mapping them to our visibility map is a primary avenue for future research.
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Figure 59 Suspicious haustral fold detected on a real frame (left), and simulated frames (right).
The computational time of the proposed method is around 1.5 min/frame using non-optimized
Matlab scripts. Although this is slow for real-time processing, significant speed-ups could be
achieved using efficient and compiled code, especially by using graphical processing unit
(GPU). For instance, camera motion estimation could be performed much faster using GPU by
splitting the image into blocks to compute optical flow, band image extraction and registration
could be also parallelized, three or more frames could be processed or reprocessed in parallel to
refine the map. Real-time computation and generation of visibility maps on the fly would
provide feedback during the procedure that might be of high value to improve cancer detection.
This remains a long-term goal, and warrants further investigation.
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