A Testbed for Design and Performance Evaluation of the
Visual Localization Technique inside the Small Intestine

by

Liang Mi

A Thesis
Submitted to the Faculty
of the
WORCESTER POLYTECHNIC INSTITUTE
In partial ful liment of the requirements for the
Degree of Master of Science
in
Electrical and Computer Engineering

by

May 2014
APPROVED:

Prof. Kaveh Pahlavan, Dept. of ECE Prof. Yehia Massoud, Headf @ept.
Major Thesis Advisor

Prof. Emmanuel Agu, Dept. of CS Dr. Allen Levesque, Dept. of ECE



\To my family"

Liang Mi



Abstract

Wireless video capsule endoscopy (VCE) plays an increadingnportant role in as-
sisting clinical diagnoses of gastrointestinal (Gl) dises&s. It provides a non-invasive
way to examine the entire small intestine, where other conegonal endoscopic in-
struments can barely reach. Existing examination systemsrfthe VCE cannot track
the location of a endoscopic capsule, which prevents the @gian from identifying
the exact location of the abnormalities. During the eight hor examination time, the
video capsule continuously keeps taking images at a framdeaaip to six frame per
sec, so it is possible to extract the motion information fronthe content of the image
sequence. Several attempts have been made to develop corapuwision algorithms
to detect the motion of the capsule based on the small changesthe consecutive
video frames and then trace the location of the capsule. Hovesy validation of
those algorithms has become a challenging topic because digting experiments
inside the human body is extremely di cult due to individual di erences and legal
issues. In this thesis, two validation approaches for motiotracking of the VCE
are presented in detail respectively. One approach buildspdysical testbed with a
plastic pipe and an endoscopy camera; the other builds a wdl testbed by creating
a three-dimensional virtual small intestine model to simaite the motions of the
capsule. Based on the virtual testbed, a physiological famt intestinal contraction,
has been studied in terms of its in uence on visual based Idzation algorithms
and a geometric model for measuring the amount of contractias proposed and
validated. The emulated endoscopic images from the testbédve been used in
support of the performance evaluation of a visual based Idization algorithm for

the VCE.
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Chapter 1

Introduction

In this chapter, a general introduction of the video capsulendoscopy and its local-
ization techniques are given. Section 1.1 gives a brief iottuction of the evolution
of video capsule endoscopy (VCE). In section 1.2, the probieof localization of
video capsule endoscope (VCE) is addressed and an visualdabtechnique - motion
tracking - is introduced. The motivation and contribution d this thesis are described

in section 1.3 and 1.4. The outline of this thesis is presentén section 1.5.

1.1 Introduction to Video Capsule Endoscopy

In recent years, there has been an increasingly larger tremdexploring the inside of
human's digesting systems for a variety of health care apgpditions [1]. In late 1990s,
due to miniaturization, cost reduction and power dissipatin deduction of semicon-
ductor devices, it became possible to design a small, ingbk, low cost, energy
e cient and harmless device that could take pictures of ingle the gastrointestinal
(GI) tract of the human body [2].

Traditional means of examining the Gl tract involve either &ectromagnetic ra-
diation (EMR) or electromagnetic eld (EF or EMF) that can penetrate the human
body, or a wired endoscope (push enteroscopy) inserted frahe upper or lower

end of Gl tract. Using EMR, such as computed tomography (CT) [Busing X-ray
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and single-photon emission computerized tomography (SPEL[4] using Gamma-

ray, has dramatic health hazards on human body by increasirtge possibility of

cells' cancerization. Using EF, such as magnetic resonangeging (MRI) [5], is ex-

tremely expensive and not applicable for those patients whave implanted metal in

their body. Traditional push endoscopy, which uses a wirecamera, usually cannot
examine the entire small intestine and it makes patients meror less uncomfortable
during the procedure.

First introduced by Given Imaging, Yokneam, Israel in 2000video capsule en-
doscopy (also called wireless video capsule endoscopy andetimes wireless capsule
endoscopy ) is a noninvasive way to examine the Gl tract of theuman body [6].
The capsule is the size and shape of a pill and it contains ayitamera in the front
as shown in Figure 1.1a. After the capsule is swallowed by a patt, it continu-
ously takes pictures and immediately sends them to a receivaeutside the human
body (as shown in Figure 1.1b). Based on the pictures, doctcan gain a better

understanding of the inside environment of the Gl tract [7]Jas shown in Figure 1.1c.

Lons Holdor CMOS Imagor Gl 'EN'

Pillca
Leos INAGING &L

Sensor Location Guide
for small Bowel Capsule Endoscopy

Intersection of right 7th intercostal
space and right
o mid- lar line
Xiphoid proces
. Intersection of left 7th
intercost left
/ ‘midclavicule
Nluminating LED's ASIC Transmitter
. Right lumbar region at
umbilical level
‘ Above umbilicus (navel)
P
(F) g e F
= ©
Plll Cam . rﬁégrgnmid—inguiml
H
€2 . Left mid-inguinal
- i
(a) Video capsule (b) Data recording (c) Video review

Figure 1.1: Complete procedure of VCE. Video capsule is a pilhaped capsule with
built-in camera, light-emitting diodes, video signal trasmitter and battery as shown
in (a); After a patient swallows the capsule, it records videand sends the data to
the data recorder as shown in (b); Using a professional softeaa trained physician
reviews the video and considers it as reference of diagno&gs
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The biggest contribution of the VCE is that it helps close a gain the evalua-
tion of the small bowel, which had been regarded as the "blattlox" of endoscopy
for many years because wired endoscopy either gastroscopycalonoscopy cannot
reach that part of the Gl tract [8] [9]. The invention of the PilCam video capsule
endoscope (VCE), a small, ingestible camera, opened up a nearld of explorations
and diagnoses of the Gl tract.

Human trials of VCE for examining the small intestine was rstintroduced in
2000 [10]. Since then,VCE has been playing an increasingtypiortant role in as-
sisting clinic diagnoses of diseases and abnormalitiesidesthe small intestine [11].
Many research articles and clinical reports have demonsteal the usefulness of
VCE in nding and diagonalizing bleeding [12] [13], ulcerabn [14] [15] and Crohn's
disease [16] [17] and many techniques involving radio fremey (RF) [18], electro-
magnetism (EM) [19] and video tracking [20] [21] have beenvented for automatic

localization of those diseases and abnormalities [22] [4].

1.2 Localization of Video Capsule Endoscope and
Motion Tracking

One of the biggest drawbacks of the VCE is its inability to loate itself. Once the
patient has swallowed the video capsule, there is no way tortml the motion of it
without attaching other devices. The capsule is completelyassively pushed by in-
testinal peristalsis. Most of the time the capsule moves feoard; sometimes it moves
backward; sometimes the capsule even ips because of theestinal motility [23].
Thus even the VCE nds an abnormality during its transition inside the Gl tract,
the location of the abnormality is still absent, which to a lage extent prevents the
physician from administrating immediate therapeutic treéments [24].

During the past decade, researchers have made many attemptslocate the

VCE with several approaches. The two most widely used apprdzes so far are radio
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Figure 1.2: Traditional localization techniques include R localization (a) and MT
localization (b). RF localization technique uses severagéssors to detect the signals
transmitted from the video capsule and estimates the mostkily position of the
video capsule, while MT localization technique uses the siar idea to use a sensor
array to detect the electromagnetic eld properties.

frequency (RF) based technique [25] and magnetic tracing (M based technique.
Since the video capsule continuously transmits RF signalward outside the hu-
man body, the characteristics of the signal can be analyzeddutilized to allocate
the signal to a specic location [26] [27]. The basic ideas tlie RF localization
technique are very similar to Global Positioning Systems (BS) [28], as shown in
Figure 1.2a. To be specic, a bunch of body mounted sensorseaattached to the
anterior abdominal wall to detect the ultra-high frequencyUHF) band signal emit-
ted from the video capsule [1] [29] [30]. The received sigsalength (RSS) [31] [32],
time of arrival (ToA) [33] [34] [35] and phase of arrival (FOA) 36] are used to mea-
sure the distance from each sensor to the video capsule. Givanging estimates
from three or more di erent sensors, the location of the videcapsule is estimated
by pattern matching algorithms such as the last square algtnm [37] and the maxi-
mum likelihood algorithm [38]. The biggest problem with RFdcalization comes due
to the non-homogeneity of the body medium. The features of ¢hreceived signals
are poorly correlated with the distance, which results in dcontinuous and scattered

estimation with unacceptable amount of error.
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Another alternative for locating the video capsule inside th small intestine is
to use MT based technique [39], as shown in Figure 1.2b. As humbody has a
magnetic permeability very close to nonferromagnetic matal such as air and water,
and exerts very little in uence on the static magnetic eld, it is possible to achieve
high tracing accuracy [40] [41]. First a magnet is attachechside the video capsule
and multiple magnetic sensors are set outside. As the magnebwes, it establishes
around the human body a static magnetic eld. The intensity 6the eld is related
to the magnet's three-dimensional (3D) location and 2D on#ation. Thus at least
ve sensors are required to provide the eld intensity to sale ve simultaneous
equations. The advantage of this technique is that it can pxde both location and
orientation of the video capsule which is convenient for pential use such as to
control the orientation of the capsule by external electroagnetic equipment [42].
The disadvantage of this technique is that it needs a spechldeo capsule equipped.

To conquer the problems with RF localization technique and W localization
technique, a third way to locate the video capsule during itgansition, visual based
motion tracking of VCE (as shown in Figure 1.3), has been digssed during the
past a few years and opened up a new world of in-body localimat [43] [44] [45].

Figure 1.4 illustrates the basic procedure of visual basecdtion tracking method.
The video capsule takes images in a certain time interval ¢(g.1 shot/half second).
The majority of the content in endoscopic images is the proggon of the walls of
small intestine, which can be assumed still during the capleutaking two adjacent
frames, because averagely the displacement of the capsulein the time interval
between two adjacent frames is only :Bmm. Many of the points in one frame
can be detected in the next adjacent frame even after geometrdistortion and
illuminative variations. Each of those points is referred @a feature point (FP) and
there have been a few algorithms for FP detection such as a necale invariant
feature transform (A ne SIFT or ASIFT) [46] [47] which will be introduced in
section 5.1, and speed up robust features (SURF) [48].

After detecting the FPs in the endoscopic images, the dispkament of each
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FP is calculated. According to perspective projection trariermation, as for each
FP, its displacement shown in the images is the actually thergpjection of its real
displacement in the 3D world. And because the small intestinis assumed still,
it is the capsule's motion that causes the displacement of ¢hFP and since the
capsule's motion and the intestine walls' motion is relatie, the displacement of
the FP in 3D world can re ect the displacement of the capsule.Thus, given a
starting point, integrating the displacement, which is alse called motion vector, of
the capsule over the time will generate the whole motion pathBecause each two
adjacent frames are correlated to a speci ¢ small segment @tion vector) of the
path, once an abnormality is found in the video source, the ¢ation of the capsule
which is the location of the abnormality can be easily achied after nding the
its position in the time axis. There are two big advantages dhis technique, rst
of which is that it doesn't require any extra devices. The vido itself is the only
source that is needed, which is extremely patient-friendlyThe second advantage
is that is technique is very sensitive to the local change imd¢ation. The location
of the capsule at each point of time is calculated by adding aation vector to its

previous location, which means there will never be a big chg@in location between

Endoscopic
images

Feature point 3D motion
detection path

2D motion
vector

Inverse projection 3D motion
from 2D to 3D vector

Figure 1.3: visual based localization Figure 1.4. The procedure of visual
technique uses the video source itself to based motion tracking method. The ba-
track the motion of the capsule and gen- sic idea to the reconstruct the motion
erate the path as the video capsule tran- path of the capsule and correlate each
sits in the small intestine. frame to a speci c location in the path.

(a) A video capsule examines the small intestine  (c) Reconstructed motiopath
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two adjacent points of time. The second feature of motion tiking technique also
causes its biggest disadvantage. Since the state of the aapss related and is only
related to the previous result (which is like Markov chain)every piece of error in
every calculation will accumulate as the calculation contues, while in RF and MT
localization, the estimates are completely independent &ach other at every point of
time. To conquer this problem, researchers have been studgion a hybrid solution

combining RF and motion tracking methods to provide the estnates [43] [49].

1.3 Motivation

In-body localization techniques face one of their biggestallenges when conducting
experiments for validation of themselves [50]. To validathese methods, the ground
truth which in this case is the real location of the video capse in the small intestine,
must be known. However, once the video capsule is ingested bypatient and
passes through the Gl tract, there is no mechanism to contréthe capsule's speed
or direction as it traverses the Gl tract [51]. It is also paitularly dicult to
measure the capsule's location or orientation during its &versal within the human
body. This means that the capsule must be somehow visible duy its transition.
Thus during the experiment, either the location of the capda is obtained by other
convinced means such as X-ray or the location is obtained siga@ly, both of which
are impractical and illegal in the United States whether thex@eriments are carried
out on human beings or animals. Thus it becomes necessary toild a testbed
containing a small intestine model and a video capsule for lidating localization
algorithms and yet there has not been any article discussirapout how to build
such a testbed.

Unlike other testbeds for RF or MT localization or for micro-pbotics control, a
subtle change on the shape of the model could make a big di e on the motion
tracking results, because the motion tracking algorithmsra extremely sensitive to

micro changes in consecutive pictures. However, it is extrehg dicult to nd a
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material to imitate the walls of small intestine which has tisted shape and good
elasticity and at the same time the walls of small intestinean be completely xed

during the experiment. Even if such a kind of material or evea piece of excised
porcine small intestine specimens is found and applied inghestbed, there is no
way to precisely simulate the motion of the capsule as it is ghed by intestinal

peristalsis.

An alternative way to emulate the procedure of video capsulendoscopy is to
use a virtual testbed in which a virtual camera travels alon@ virtual 3D small
intestine model and generates emulated endoscopic pictsreThere are plenty of
articles talking about virtual testbeds to emulate small itestine in the literature,
but none of them is designed for localization of VCE. When digging a testbed for
localization, the essential part during the emulation is tat each emulated picture
should be correlated to a speci c location where the virtuatamera is when taking
the picture. In this way, other researchers can apply theirlgorithms on those
pictures, obtain their own estimates of the location of the amera and compare

their results with the location provided by the testbed.

1.4 Contribution

In this thesis, three aspects of a virtual testbed for visudbcalization experiments
inside the small intestine is introduced in three aspects.ifst the setup procedures
and visual interior and exterior appearances are describ@ddetails. Then in order
to validate that the virtual testbed works as a real physicatestbed, based on a
sequence of pictures provided by the testbed, the locatiori some selected points
are tracked on the pictures and compared with theoretical Waes. At last, based
on the testbed, three typical situations - straight, bent, ontraction - are emulated
respectively. The motion tracking algorithms are extremglsensitive to the radius
of the small intestine and contraction unpredictably changs the radius. Thus a

geometric model for estimating the radius of the small intése is given to assist
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researchers to make their algorithms adjustable to these mlgmical changes. Em-
pirical results have shown that the proposed virtual testhe can provide realistic
emulated endoscopic images for visual based localizatidgaithms such as motion
tracking.

The major contribution of this thesis is that it provides an dternative way to
validate visual based localization algorithms. Although tere have been many at-
tempts to build virtual testbeds for experimentation, few eorts have been made for
application of localization. The special point of buildinga testbed for localization
is to set the scenarios friendly to the localization algotiims. For example the cross
section of the small intestine model must be a perfect cir¢lthe motion path of the
virtual camera must be in the central axis of the model; and # most important
thing is that each emulated picture must be correlated to a gei ¢ location in the
motion path so that the researchers can compare their ressittvith the location pro-
vided by the testbed. The proposed testbed is designed to mekese restrictions,
which lIs the hole in the eld of validation of visual based bcalization algorithms.

The other main contribution of this thesis is that it brings yp an issue of the in u-
ence of contraction on visual based localization algorithen Because the algorithms
are extremely sensitive to the radius of the small intestin@isually researchers would
assume the radius to be constant to simplify the scenarios.uBin reality, the size
of the small intestine is changing dynamically. Because VCHoesn't involve any
other devices' assistant, it is desirable to measure the siaf the small intestine from
the video frames in order to make the localization algoritheito be more robust. In
this thesis, a geometric model for estimating the size of tremall intestine during
contraction is discussed and tested using the virtual teséd. The results are fairly
accurate.

Besides, the testbed provides a way for researchers to comgéheir methods
with each other because if di erent methods use di erent datsets for validation, it
is not convincing to di erentiate the accuracy or other metics of the results. Using

the same video source from the virtual testbed, all di erentmethods can compare
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their results with the same values provided by the testbed.

The thesis draws substantially from results presented prswusly in:

1. Mi, Liang, Guanqun Bao, and Kaveh Pahlavan. "Design and Vidation of a
virtual environment for experimentation inside the small mtestine"”, In Pro-
ceedings of the 8th International Conference on Body Area Netwvks, pp. 35-
40. ICST (Institute for Computer Sciences, Social-Inforntecs and Telecom-

munications Engineering), 2013.

2. Mi, Liang, Guanqun Bao, and Kaveh Pahlavan. "Geometric Esnation of
Intestinal Contraction for Motion Tracking of Video CapsuleEndoscope”, In
Proceedings of SPIE Volume 9036, Medical Imaging 2014: IneaGuided Pro-

cedures, Robotic Interventions, and Modeling, San DiegoQ24.

3. Bao, Guanqun, Liang Mi, and Kaveh Pahlavan. "Emulation onrmotion track-
ing of endoscopic capsule inside small intestine.” In 14tmternational Con-

ference on Bioinformatics and Computational Biology, Las agas. 2013.

1.5 Outline

The thesis is organized as follows:

Chapter 1 gives an brief introduction of the evolution of VCE several local-
ization techniques for VCE as well as motivation and contrilstion of this thesis.
chapter 2 focuses on the background of visual based locdii@a of VCE and visual
emulation of the procedure of VCE inside small intestine. epter 3 presents the
procedure and related techniques for designing testbed fealidating visual based
localization algorithms. In chapter 4, intestinal contraton are emulated using the
virtual testbed, and a geometric model for measurement oftestinal contraction is
introduced and tested with the virtual testbed. A series of xperiments on speed

estimation of video capsule are described in chapter 5. Oneogps of experiments
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focuses on straight tube while the other focuses on contract tube. Speed esti-
mation involves inverse transformation from 2D space to 3Dpace, which is also
covered in the chapter. Finally conclusions and suggest®mwf future work of this

research are presented in chapter 6.
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Chapter 2

Background in Visual Based
Localization and Environment

Emulation of Small Intestine

This chapter includes a background review of related methedhat are related to
this thesis. Section 2.1 talks about the background of visldased localization
technique. Section 2.2 talks about the testbed of VCE and esgially emulation of

the inside environment of small intestine for the use of matn tracking.

2.1 Background in Visual Based Localization of
VCE using Video Source

VCE [52] provides a means to obtain a detailed video source thie inside small
intestine. In 2001, VCE became available for the evaluatiasf patients with probable
small intestinal hemorrhage [53]. Advantages of VCE includtéhat the procedure
iS noninvasive, requires no sedation, and does not expose thatient to ionizing
radiation. The major limitations of the capsule endoscopy eve its inability to

obtain a biopsy, precisely localize a lesion, or perform ttapeutic endoscopy. The
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advent of the VCE has released the endoscopist from the recement to exert force
on along oppy cable-type endoscope to examine relativeljhart segments of small
intestine. A two-dimensional to three-dimensional mappip of the VCE images is
proposed as well as the alignment of the consecutive imagést][ It resolves a very
serious limitation of the inverse projection of VCE imagesybdetecting the angle of
the VCE so as to realize the alignment of the center of the snhddowel.

In literature [55], the researchers focus on the developmest a virtual reality -
based trainer for colon cancer removal. It enables the suayes to interactively view
and manipulate the concerned virtual organs as during a resiirgery. Literature [56]
proposes a new approach to simulate the small intestine in artext of laparoscopic
surgery. The aim of this work is to simulate the training of a bsic surgical gesture
in real-time: moving aside the intestine to reach hidden aas of the abdomen. This
paper uses a layered model to animate the intestine. The istitne's axis is animated
as a linear mechanical component.

[21] describes a method for tracking the motion of a real enstmpe by epipo-
lar geometry analysis and image-based registration. In ama@oscope navigation
system, which provides navigation information to a medicadloctor during an en-
doscopic examination, tracking the camera motion of the endcopic camera is one
of the fundamental functions. [57] presents a frontier-wkron the registration of
real and virtual endoscopic images. It uses branching stiuce information of the
bronchi. [58] describes a method for tracking the motion of &xible endoscope,
in particular a bronchoscope, using epipolar geometry aryals and intensity-based
image registration. It tracks camera motion using real endoopic video images
obtained at the time of the procedure and X-ray CT images acqed before the
endoscopic examination. A virtual endoscope system is uskd generating virtual
endoscopic images. The basic idea of this tracking methodtés nd the viewpoint
and view direction of the VCE that maximizes a similarity meaure between the
virtual and real endoscopic images. [59] describes the Kartlhe Training System

for Endoscopic Surgery. The most important features of theystem are geometrical
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and kinematical modeling, a hierarchical data concept, mitbody-dynamics, and
support of haptic devices, multiple levels of details, vasus rendering modes and
stereo-viewing.

In [60], the Model of Deformable Rings (MDR) is developed torp-process
WCE video and aid clinicians with its interpretation. The MDR uses a simpli ed
model of a capsule's motion to exibly match (register) corecutive video frames. It
computes motion-descriptive characteristics and produse two-dimensional repre-
sentation of the Gl tract's internal surface - a map. The autbrs also indicate that
an analytical torque model is proposed and subsequently Mdted. The proposed
torque model can be used in the design and optimization of bedy robotic sys-
tems, which can remotely be articulated using magnetic acition. [61] models the
current prototype tip, named EDORA. The model is a "tube" of alout 1.5 m in
length, starting at the caecum and ending at the rectum. Somaf the curves of the
intestine are very di cult to operate with the current colon oscopies. The operation
of colonoscope is a very technically demanding endoscopramination and makes

patients uncomfortable.

2.2 Testbed for VCE

There have been a few attempts to emulate the human intestirgther physically

and virtually.

2.2.1 Physical Testbed

In [62], the authors build a physical testbed with a piece ofgrcine large intestine
150 cm long and 6 cm in diameter. Some markers are attacheddtesthe intestine for
detecting the change of diameter of the intestine. A exiblendoscope is placed to
simulate the view from a capsule endoscope. The exterior aimerior appearances

are shown in Figure 2.1.
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Another research group [63] also use a piece of real porcinéorcspecimens to
setup a testbed for ex vivo experiments on the locomotion ofraicro-robot capsule,
as shown in Figure 2.2.

Some other similar ex vivo experiments using physical int&@se model [The In-
ternational Journal of Robotics Research]

In [64], the authors immerse a plastic tube into oil in orderd simulate the

environment of Gl tract for testing their proposed capsuleebot.

2.2.2 \Virtual Testbed

Virtual testbed for emulation the small intestine has been dcussed for a few
decades, as the development of 3D computer graphics techueg [65].

In [50], a realistic 3D virtual model is introduced as showmiFigure 2.3. The
model is built by creating a cylindrical tube along a path, wth a varying diameter.
Then the researchers add mechanical reaction to the surfamkethe model such that
when the user touch it, the shape will change according to threechanics principles.

After stepping into the 21st century, there have been a trendotconduct virtual

(a) RF localization (b) MT localization

Figure 2.1: The exterior and interior appearances of the emenment for insu ation
into large intestine. Ex vivo porcine intestine is arrangedn a phantom model to
simulate the shape of the human colon within the abdomen. Whehe intestine is
in ated with 1500 mL air, the markers attached on the interna surface are exposed
to the camera.
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Figure 2.2: The exterior and interior appearances of the emgnment for experiments
on the locomotion of a micro-robot capsule.

endoscopy (VE) based on the CT datasets . Based on the resulterh CT scan,
researchers have been able to reconstruct a 3D model of hun@agans and set a
virtual camera to travel inside the organs. Some early pulsitions talking about
this technique can be found in [66] [67]

In [68], the authors use face rendering techniques to genterdhe scenes of the
inside of the stomach from the CT datasets and compare the mtstructed virtual

model with the clinical results from the view of a gastric bescopy (GF).

(@) (b)

Figure 2.3: A virtual model of small intestine for virtual sugery. The shape of the
small intestine is de ned by a bunch of spheres whose center® on a speci ¢ path.
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(a) VE view (b) GF view

Figure 2.4: Early gastric cancer, type llc is found inside # stomach using CT-
based VE and GF. A smooth elevation and convergence of muco$alds (arrow)
are seen at the antrum pylori of the stomach by (a) VE and (b) GF.

In [69], a colon phantom is produced using 3D printing (Mak&ot) from a
stereolithography model generated from real Computer Torgeaphy Colonography
(CTC) data of a 25 cm long section of transverse colon with twpolyps.

Piotr Szczypinski and his research group have developed aesd estimation
algorithm for the VCE and introduce their experiments in a uitual environment
of small intestine in [60] and mentions the virtual testbed sed for validation as
shown in Figure 2.6. But still, they use the images produced/tihe testbed without

validating the testbed.

(b) A colon phantom is painted after 3D-
(a) Underlying 3D stereolithography model printing in order to mimic the visual fea-
for 3D-printing a colon phantom. tures of colonic mucosa

Figure 2.5: A physical model to emulate human colon by usind3printing technique
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Figure 2.6: An emulated endoscopic image for validating spkestimation of video
capsule endoscope.
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Chapter 3

Design of a Testbed for
Experimentation of Visual Based

Localization iIn Small Intestine

It is very di cult to verify the performance of an motion trac king algorithms inside
small intestine, because doing experiments on human bodyestremely costly and
restricted by law, and because of the limitation of the contl of the capsule. Thus
a testbed becomes practically useful for algorithm validadn.

Generally there are two options for testbeds. One option i®tbuild a physical
testbed and the other is to build a virtual testbed. Both king of testbeds are imple-
mented in this research. Figure 3.1 compares the interior drexterior appearances
of physical testbed, virtual testbed and real small intestie.

This chapter discusses the setup procedure and the featusphysical testbed
and virtual testbed. As part of our conclusion, the virtual testbed is considered more
practical than the physical testbed with respect to validabn of motion tracking

algorithms. Validation methods of our testbed are also prested in this chapter.
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@) (b) (c)

Figure 3.1: Comparison among physical testbed (a), virtuakestbed (b) and real
small intestine (c). three upper pictures show the extericappearances while three
lower pictures are the corresponding interior looks.

3.1 Design of a Physical Testbed

Clinical data show that the average length of a human small iestine is 7-9 meters
long and the capsule stays in the small intestine for about 8-hours. If the capsule
is assumed to travel at a constant speed, then the averagepstiistance between two
consecutive frames can be roughly calculated as 0.03 cm. Dgrthe few hours when
the capsule is in the small intestine, it takes pictures at aonstant rate. According
to literatures and the product speci cations, the rate is coomonly 2 frames per
second due to limited energy. Some capsules can support 3rfes per second and
even up to 6 frames per second [70]. In this research, the réadeassumed 2 frames
per second.

To simulate the transition of the video capsule, a wired endgopy camera
equipped with four LED is used and inserted into the tube witha approximate
constant step of 0.03 cm. In the endoscopic pictures, the tabsurface that lied

physically closer to the camera has a brighter intensity vak. The brightness de-
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creases as the distance increases and nally at the far end tbke tube, which is

corresponding to the center of the endoscopic pictures, aabk hole will form. If

the camera is about to tilt, the black hole would move towardd the edge of the en-
doscopic pictures. Figure 3.1a indicates a test picture takfrom inside the physical
testbed. We can see that it is extremely similar with real picres taken from small

intestine as shown in Figure 3.1.

To simulate the structure of human small intestine with a mdtanic model in
an acceptable size is extremely di cult, even impossible,drause of many reasons.
The rst reason is that it is extremely di cult to nd a kind of material to emulate
a mechanic model with twisted shape like human small intesi. The materials of
real human small intestine allow itself to bend into all king of shapes and at the
same time to maintain its toughness. Second, the motion trking algorithms are
sensitive to even a tiny change on the surface of the modelughthe material must
be non- exible. If not, pushing the camera along the model Wichange the shape
of the model.

Some of the physical testbed for emulation of small intes&nof colon mentioned
in chapter 2.2 are created using real porcine colon specirsetdowever, there is no
way to x the model so that the procedure of endoscopy doesnfhake changes to
shape of the model. Moreover, another restriction of motiotnacking algorithms is
that the cross section of the small intestine model must be agect circle. Therefore
using the real porcine specimens is not practical in this regrch.

Several kinds of materials have been tried for emulation ofmgll intestine and
nally a piece of Polyvinyl chloride (PVC) clear vinyl tubing is used. The PVC pipe
is 1.5 meter long 3 centimeter diametrical. It is bended andvisted to emulate a 3D
environment for endoscopy in order to test the accuracy of ¢hmotion algorithms
in any direction.

The internal and external surfaces of the tube are painted ange to make it
realistic. Figure 3.2 shows the appearances of the physicabdel from three views.

After that, the tube is wrapped with a layer of tinfoil paper to prevent the light
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(a) Upper view (b) Side view (c) Side view

Figure 3.2: Physical intestine model from three views. Thextrnal surface is
painted orange to emulate the color of the small intestine.

source from outside environment a ecting the experimentgs shown in Figure 3.3

After building the physical intestine model, the remaining &sk is to simulate the
transition of the video capsule [65]. Due to the restrictiorof the motion tracking
algorithms, the camera must travel along the central axis dhe tube so that the
distance from the camera to the walls of the tube is the same amy direction. In
order to implement this, the camera is tactfully xed insidea smaller PVC tube
whose external diameter is exactly the same as the internabdheter of the physical
model (as shown in Figure 3.4) so that the camera can traveloalg the model and
doesn't shake during the procedure.

The features and properties of the camera used for physicastbed are shown
in Table 3.1.

The camera continuously takes pictures at a rate of 30 framegr second. Thus

(a) Upper view (b) Side view (c) Side view

Figure 3.3: Physical intestine model from three views. A lay of tin-foil is wrapped
around the model to prevent the light source from outside a@&ing the experiments.
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Figure 3.4: The camera is fastened inside the smaller pipendathe smaller pipe
can be pushed to move inside the physical model; lubricant ised to smooth the
movement.

our testbed can provide emulated endoscopic images with drent frame rate ac-
cording to di erent requirement. Two examples of emulated re@loscopic images are
shown in Figure 3.5.

One advantage of the physical testbed is that it is intuitive It provides realistic
endoscopic images for post-processing. Another big advagdas that physical model
can be immersed into liquid in order to simulate the externagnvironment of the
small intestine, especially the electromagnetic envirorent.In this way, the propa-
gation characteristic of wireless BAN (WBAN) channel [34] cand measured and

the RF localization techniques can be employed in the testdeso that the testbed

Table 3.1: Features of the camera used in the physical testbe

Feature Description

Waterproof level IP 67

Sensor 1/6 CMOS Image Sensor
Angle of view 62

Resolution 640 480pixel?

Head outer diameter| 14.5 mm

Data cable length 5m

Frame Rate 30 fps
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(@) (b)

Figure 3.5: Two example pictures from the physical model; éhpictures indicate
the capsule is going to turn left if it is moving forward

can validate the hybrid localization algorithms combiningvisual-based techniques
and RF techniques [43].

However, there are still several drawbacks of a physical tesd:

A big drawback is its restriction in camera control. After thecamera is inserted
into the tube, the only possible movement of the camera is ag the tube with
linear proceeding distance, rather than tilt and rotation.Although the motion
tracking algorithms doesn't require the camera to tilt and otate, to simulate
controllable rotation and tilting are also useful to validae the robustness of

the algorithms.

Besides, to emulate the complicated shape (especially theagp turn) of the
small intestine is very di cult because there is barely a kinl of materials that
can be as smooth and soft as small intestine and similar tougss at the same

time. And the camera would get stuck at the corner.

Plus, adding texture on the physical model to make it exactlifhe same as

small intestine is also unpractical.

An alternative way to solve the programs listed above to use 3printing tech-

niques to build a physical model of small intestine exactlycaording the require-
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ments. And yet this may dramatically increase the expense ohe research and
involve legal issues [71] [72] [73]. Actually using CT to scdhe small intestine,
reconstruct the 3D virtual model and then using 3D printing e&chnique to recon-
struct the physical 3D model has becoming a promising area iestbed design for
VCE [69].

Besides using a physical testbed for validation of motion dcking algorithms,
another solution is creating a virtual 3D model of small intstine and simulating a
virtual camera to travel along the inside of the model. In theext section, a detailed

discussion of virtual testbed is presented.

3.2 Design of a Virtual Testbed

Although the physical testbed cannot provide usable emulateimages, it still can
be considered as a reference to justify the virtual testbetecause its interior ap-
pearance are extremely similar with that of real small intése. Thus the physical
testbed serves as the model to build a virtual. Measuring thghysical testbed would
be the rst step and then a virtual model of small intestine trat shares the same
shape with the physical model is created. After that a piece ¢éxture that is ex-
tracted from real porcine small intestine is attached to thevirtual model. Next
steps are to generate the emulated endoscopic images on tbeeen This involves
perspective projection and illumination e ect, which willbe introduced respectively

below.

3.2.1 Creating 3D Virtual Model

The rst step is the measure the physical model. To measure ¢hphysical model,
a Cartesian coordinates systems is set to de ne the coordiea of every point of
the model. The origin is set as the foot of a pillar and it is assned that three

orthogonal axes as x axis, y axis, and z axis respectively, st®wn in Figure 3.1.
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Second, the coordinates of the external surface of the modekt sampled and
mapped to computer. Using curve tting and Interpolation to the surface, the skele-
ton of the model is then estimated as shown in 3.6a. Becausetloé restriction of
motion tracking algorithms, the cross sections of the modélave to been assumed
perfect circle. Thus basically the virtual model is built bycreating a piece of cylin-
drical tube around the skeleton, as shown in 3.6b. The tube made up of 16167
cylinders with the same certain radius.

Moreover, the virtual model of the entire small intestine isalso emulated using
the similar procedure, implemented with both Matlab and OpeGL. 3D mesh data
is obtained from [74]. The emulation results are as shown indtre 3.7. The results

have been used in [43].

3.2.2 Creating 2D Projection of 3D Model to a View Point

There are several ways to emulate virtual VCE such as usingfseare like 3D Max, or
by programming with Matlab and OpenGL. Compared with othersusing OpenGL
has its biggest advantage of exibility. To track the motion of the capsule, it is

desirable to be aware of the parameters of the testbed suchthe location of each

an 10 ¥ 20 3 20

(a) Skeleton of the physical model is (b) A cylindrical tube is created around
extracted and mapped to a virtual 3D the skeleton to form the surface of the
space. model of small intestine.

Figure 3.6: Mapping physical model into computer and creatg a corresponding
virtual model.
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(a) Matlab (b) OpenGL

Figure 3.7: Virtual model of entire small intestine implemeted with Matlab and
OpenGL. First the original mesh is shrunk toward its centrabxis to generate a path
along the structure, and then the virtual model is created byuilding tremendous
amount of small cylinders along the path and nally Matlab arl OpenGL are used
to render the model.

point of the model mesh, the normal vector of each surface,eHlighting properties

(ambient, di use, specular) of interior walls of small intestine as well as the light

source and at last but not least the projection matrix. By usig OpenGL (and other

libraries for example Direct3D), it is possible to properlyset those parameters as
needed.

First a cylindrical tube with a certain radius is created. Inour case, a straight
and bend tube is created respectively for the use of studyirlge relation between
the BH and the intestinal contraction as well as the relatiorbetween the BH and
the bend of small intestine. A uniform color is mapped insidéhe tube because
complex texture can bring in uence on the measure of the sizé shape of the BH.
A virtual camera is set on the axis of the tube, which is regaedl as the motion
path of the camera. The direction of the camera is set to facerfvard to the next
point on the axis. A spot "Phong" light source is then added athe same location
with the camera face the target of the camera and it moved at thsame speed and
direction with the camera. In order to simulate the LEDs equaped in the front of

the capsule, the angle of the spot light is set very large soahit can lighten all

39



the areas that would appear in the simulated video. After thedstbed is setup, it
IS necessary to do projection transformation from 3D to 2D iorder to obtain the
emulated endoscopic images shown on the screen.

Commonly used transformation method to generate the projgon of 3D object
to a 2D plane is perspective projection [75], because it silates the projection

mechanism of human visual system. Equation ( 3.1) demonstes the transforma-

tion matrix;
2 3
2N Xmax + Xmin
Xmax XMin 0 Xmax XMin 0
2N Ymax_+ymin
O Ymax ymin Ymax ymin O
A= ; (3.2)
(F+N) 2FN
0 0 F N F N
0 0 1 0

whereXxmin and Xmax indicate the left and right boundaries of the near planeymin
and ynax restrict the bottom and top edges of the near plane, whil&l = Zzye,,
F = z4 indicate the z values of near and far planes, as shown in Figus.8.

The matrix is applied on each of the point of the model as shown Equation 3.2.

2 3 2 3

Xi Xj
Y. .
' 7-ap Y 1. (3.2)
Z Z;
1 1

\liqvhereh Xi Vi z 1 N are the original coordinates of each of the test point and
Xi Y Zi 1 N indicates the location on the pictures of test pointsj is the
index of each point.
After transformation (most of the calculation are conductedautomatically in

hardware which is graphics processing unit (GPU)), every pdi of the mesh of the
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Figure 3.8: Perspective projection frustum

small intestine model is projected to a 2D screen (as shownkigure 3.9) and if a
surface is blocked by another surface, it would be automadity removed in order
to reduce the amount of computation and the memory storaget iIs assumed that
the angle of view is 98 Resolution of the simulated endoscopic video is set 512 x
512 pixel2. As shown in the gure, brightness of the walls that are closeto the
center of the picture (which means they are farther from theagnera) are diminishing
until to be completely black. This is because the luminanceedreases exponentially
as light travels through space, which will be introduced in.2.3. After crossing a
marginal value, it is considered that no light hit the walls & small intestine and
re ect toward the camera and the marginal value is speci edisibility which is the

maximum distance that can be seen from the camera.

Figure 3.9: Exterior and interior appearances of the emulatl small intestine
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3.2.3 3D lllumination E ect

In reality, everything shown on a screen is an image with a ¢am resolution. No
matter how we de ne the image, such as the projection of 3D met] eventually it
is only an plane image shown on the screen. The perspectivejection is a method
to simulate the imaging process of human body. During the pecedure of VCE, the
LED in the capsule is the only light source. Given this light surce, those things
whose re ection light can go through the lens and hit the imag sensor are the things
shown on the screen. Thus the brightness of the things in themage shown on the
screen totally depends on their re ection light. And the brigntness are re ected as
the change of the original RGB values of the pixel. Therefor¢he in uence of the
light source is eventually re ected on the RGB values of theipels of endoscopic
images.

On one hand, dierent materials have dierent ability to re ect lights. For
example given the same light source, metal tends to look makinning than wood.
In the eld of computer graphics, commonly three special pameters are used to
describe the lighting properties of the materials, which arambient, di use, and

specular [76] [77]. Each of the property has its own RGB valsiesuch in Equation 3.3

8
% ambientyaeriar = (red; green; blug

diffuse maweriar = (red; green; blug (3.3)
- speculamateriai = (red; green; blug
On the other hand, light source has its own lighting properés of ambient, dif-
fuse, and specular as materials which can be specied as inuatjon 3.4. For
example red light makes material look "more red" and so on. Miiplying the light-
ing properties of light source and the material gives the nalighting properties

as in Equation 3.5. So the colors that are nally projected orthe screen is the

combination of the materials' lighting properties, light urce's lighting properties
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as shown in Equation 3.6

8
% ambientig,, = (red; green; blug

diffuse jgne = (red; green; blug (3.4)

- speculafigyy = (red;green;blug

ambient = ambientpaeriar  ambientgn

diffuse = diffuse materia  diffuse jgn (3.5)

VMW AR 00

specular= speculamateria  Speculalign

color = ambient + diffuse + specular (3.6)

For this research, the light source lighting properties arset as follows:

8
§ ambientgn = (0:3;0:3;0:3)
E diffuse jign = (0:7;0:7;0:7) (3.7)

- speculafigy: = (0:6; 0:6; 0:6)

and those of material are set as follows:

8
% ambientyaeria = (0:5; 0:5; 0:5)
E diffuse materia = (0:95; 0:6; 0:35) (3.8)

- speculamateriar = (0:12,0:12 0:12)

3.3 Validation of Virtual Testbed

Once the testbed is setup and the simulated video (conseargtiframes) is obtained,
it is desirable to validate it in order to convince that it wotked fairly similar as
a physical testbed. In order to validate our testbed, 40 tegboints are selected to

re ect to movement of the walls of small intestine which is gaally the displacement
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of the virtual camera. Each 20 points are marked black and wiei respectively as
shown in Figure3.10. To validate the testbed, the displacesnt of the points on the
emulated images are calculated and based on that, the dispéament of the virtual
camera can be calculated. Comparison between the calcuthtgisplacement value
and the real value can re ect the accuracy of the emulated giares.

Given the locations of the test points and the speed of the cama, the locations
of the points in the next state could be easily calculated sie the motions of the
test points and the camera are relative. Using the projectiomatrix, the locations
of the test points on the screen were calculated as the thetcal values based on
Equation (3.2). According to the algebraic properties of maix operations, we have
Equation (3.9).

2 3 2 3 02 3 2 31
Xi Xio Xj Xio
Y, A - 0
| VYl e (3.9)
Zi Zio Z Zio
1 1 1 1

WheLe " x% yo z0 1 N are the coordinates of each test point in the next state
and x% yo z0 1 N re ects the location on the pictures of test points in the nek
state, i is the index of each point.

One way to validate the emulated pictures are as follows: tghe 2D motion
vectors (which is the segment with the direction from previgs state, Figure 3.10a
to the next state, Figure 3.10b) of the 40 test points are meared. Then using
the inverse perspective transformation matrix, the 3D motin vectors of the test
points are easily calculated. The transition of the virtuakcamera is linear, thus the
motion vectors of the test points in 3D should be parallel toach of others and
should be pointing the motion direction of the virtual cames. So next to ensure
that the calculated displacement is along the motion direain of the virtual camera,

the projection of all the 3D motion vectors of the testbed pots are used instead.

44



Averaging the displacements gives the estimate of motion glacement of the walls
of the small intestine. Because the motion of the walls of sthantestine is relative
to the motion of the virtual camera, the estimate is actuallythe estimate of the
displacement of the virtual camera.

In this research, another way (which is similar with the othg is used to validate
the emulated pictures. First the 2D motion vectors are meased in two groups {
black and white. On the other hand, the theoretical values dhe motion vectors are
calculated using Equation (3.9). The comparison results arshown in Table 3.2,
where b stands for black FPs while w represents white FPs. As wan see, the

errors of displacement are extremely small, which means thaur testbed is fairly

valid for further application.

3.4 Summary and Discussion

Doing experiments on human body is extremely di cult becaus of individual di er-
ences and legal issues. Using testbeds to emulate the sma#stine of human body
for algorithm validation of motion tracking of VCE have demamstrated its promising
future. In this chapter, two testbeds have been introducedespectively. Based on
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(a) Previous state

Figure 3.10: Two adjacent frames re ecting the motion of 40 s as virtual camera
transits. From 3.10a to 3.10b, FPs are pointing outward, wkkh means that the

(b) Next state

camera is moving forward
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Table 3.2: Coordinates of test points on endoscope picturaad their comparison
with estimates (theoretical values). "b" stands for black Ps while "w" represents
white FPs. D denotes the displacements. Values are measuiadixels.

Tag | Xi,b | Yi,b | Xi,w | Yi,w | Xi,b [ Yi,b | Xi,w|Yi,w | Db |Dw
1 |137.8|249.6| 122.7| 248.7| 76.2 | 245.1| 39.0 | 243.3| 15.13| 37.24
2 | 143.1|288.2| 127.7| 292.3| 84.0 | 303.8| 46.7 | 313.3| 15.94| 38.49
3 |159.8| 323.8| 148.0| 331.7| 110.9| 358.7| 78.3 | 380.7| 14.20| 39.33
4 |189.3| 351.1| 180.0| 364.3| 153.5| 401.8| 131.3| 433.0| 16.15| 38.29
5 |224.9|369.1| 221.0| 383.7| 207.8| 428.2| 198.7| 465.0| 15.11| 37.91
6 | 262.2| 373.8| 263.7| 389.7 | 267.8| 435.3| 269.3| 474.0| 15.97| 38.73
7 |302.2| 366.7| 309.3| 380.0| 324.0| 423.6| 339.0| 457.0| 15.08| 36.61
8 |334.0| 348.5| 345.0| 359.7| 374.9| 394.5| 399.7| 422.7| 15.70| 37.55
9 |360.5|320.2| 372.3| 327.7| 413.1| 350.7| 444.7| 369.7| 13.98| 36.87
10 | 375.8| 286.0| 390.7| 289.3| 434.5| 299.6| 470.3| 308.7| 15.26| 36.94
11 | 380.2| 249.1| 398.3| 248.7| 441.5| 245.8| 475.3| 243.7| 18.10| 33.87
12 | 373.6| 213.1| 384.0| 203.3| 431.5| 192.5| 464.7| 180.7| 14.29| 35.24
13 | 356.0| 180.0| 368.0| 172.7| 404.9| 144.4| 432.7| 124.3| 14.05| 34.31
14 | 330.4| 155.1| 338.7| 142.0| 365.8| 104.7| 387.7| 78.30| 15.51| 34.30
15 | 297.3| 138.2| 302.7| 124.3| 318.5| 81.30| 331.0| 47.70| 14.91| 35.85
16 | 262.4| 131.6| 263.0| 116.7| 266.4| 71.60| 268.0| 34.70| 14.91| 36.94
17 | 226.4| 136.0| 224.0| 121.7| 212.2| 76.90| 203.3| 40.30| 14.50| 37.67
18 | 191.1| 152.0| 183.7| 138.3| 160.5| 98.90| 141.3| 67.30| 15.57| 36.98
19 | 163.6| 178.0| 152.3| 167.7| 116.9| 137.1| 88.70| 113.3| 15.29| 36.90
20 | 144.5| 211.8| 131.0| 205.7| 87.50| 187.5| 53.30| 173.3| 14.81| 37.03
Ave. 15.23| 36.85
Est. 15.47| 36.58
Err. 1.6% | 0.8%
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the comparison, the virtual testbed is considered more prical for this research. A
method for quantitatively validating testbed has also beediscussed in this chapter.
The results proved the usability of our testbed. In the nextwo chapters, a series

of experiments using this testbed are introduced.
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Chapter 4

Geometric Modeling and
Measurement of Intestinal

Contraction

Due to intestinal motility such as peristalsis and contraagbn, the shape and size of
the small intestine continuously change regardless of theowement of the human
body or the procedure of the VCE. The size of the small intestg, to some degree,
a ect the performance of motion tracking algorithm becausé¢he algorithm is very
sensitive to the diameter of the small intestine, which wilbe discussed in details in
chapter 5. Thus it is desired to study the intestinal motiliy as well as its in uence
on motion tracking algorithms.

In this chapter, emulation of intestinal contraction usingthe virtual testbed
and measurement of the size of contracted small intestineing a geometric model
is introduced. The in uence of intestinal contraction on mdon tracking will be
mentioned is chapter 5.

This chapter is organized as follows: in section 4.1, the g of intestinal
contraction is discussed and emulation results of intestihcontraction are presented.

In section 4.2, a geometric model for measuring the size whiis the diameter of
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the small intestine is introduced. In section 4.3, the perfmance evaluation of
the proposed method for measuring the size of the small inte® is presented. A

summary of this chapter is given in section 4.4.

4.1 Emulation of Intestinal Contraction

Clinical data shows that the average diameter of small intéee is 2-3 cm. When it

is contracted, the diameter can be as small as 7 mm which is ev@maller than the

diameter of the wireless endoscopic capsule [78]. (Sometinthe small intestine is
even closed at some place because of contraction.) The ager&requency of intesti-
nal contraction is 9-10min 1 consistent with localization, which means that during
the several hour transition of a wireless capsule, it may caracross contraction for
dozens of times. Thus it is necessary to study the possibleuance of contraction

on the endoscopic images captured by a video capsule.

The eld of view of a video capsule can be as large as 2560 objects around
the capsule, not only those in front of the capsule, take up ange space in the
endoscopic images. Objects which are relatively far from ehcapsule have little
in uence on the images, including a possible contraction.nlthe literatures, the
shape of contracted small intestine is usually assumed asosim in Figure 4.1a,
compared with a piece of straight small intestine as shown rigure 4.1b. In this
research, in order to simply the situation and make it easy tdo geometric modeling,
it is assumed that the walls of the small intestine is stick tahe cover of the video
capsule when it is contracted. To be specic, the walls of themall intestine is
assumed to be two pieces of cylindrical tube connected withhemispherical tube.
The cross section of the small intestine at any point is ass@ to be a perfect circle
due to the restriction of motion tracking algorithms [22].

Figure 4.2 illustrates the emulation results of contractio. In these two scenarios,
the properties of the camera and the walls of small intestinere set the same. As

shown in the pictures, the size of the BH in contracted tube jas much smaller than
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Wireless capsule

Video cépsule

(a) Intestinal tube is contracted. (b) Intestinal tube is open

Figure 4.1: lllustration of intestinal contraction. When the small intestine is con-
tracted, the walls of the small intestine is assumed to be twpieces of cylindrical
tube connected with a hemispherical tube. The cross sectiohthe small intestine at
any point is assumed to be a perfect circle due to the restrioh of motion tracking

algorithms.

that in straight tube (a). Thus in order to reveal the quantitative relation between
the diameter of the BH and the diameter of the contracted smhintestine, fteen
models of contraction have been generated using the simikltape discussed above
for comparison whose interior appearances are shown in Higut.3.

It is observed that the size of BH in the center of the VCE imaggris related to

the size of the small intestine. To be speci ¢, when the smalitestine is contracted,

(@)

(b)

Figure 4.2: Emulation of intestinal contraction by the use bthe virtual testbed.



the BH shrink into the center as the radius of the small inteshe became smaller. To
automatically estimate whether the small intestine is comacted and how much it
is contracted from the video source, it is necessary to quaytthe relation between
the size of BH and the size of the small intestine. Thus we useet similar model as
shown in Figure 4.2 and create 15 models that simulate the gdtinal contraction
with di erent degree. The diameter of the capsule is assume2Pmm. The size of
the BH shown in the simulated picture of each model is then meared against the

radius of the contracted model (as shown in Table 4.1).

4.2 Geometric Modeling of Intestinal Contraction

In the previous section, a bunch of models of intestinal caiction have been gen-
erated for the use of quantifying the geometric relation beten the diameter of the

BH and the diameter of the small intestine. In this section, @eometric model for

Figure 4.3: 15 emulated endoscopic images. For each of thehg small intestine is
contracted with di erent degrees. For the st one, the radits is 5.567 mm and for
the last one, the radius is 16 mm, which is the radius of the shhantestine with no
contraction. Colors in these images are not continuous. This caused by the rough
surfaces and it doesn't a ect the estimation results.
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establishing the relation has been proposed and validateding the previous results.
Since the capsule is surrounded by walls of small intestintnese walls are pro-
jected to the 2D image plane as a bunch of circular rings [6@) shown in Figure 4.4a.
Under this image acquisition systems, the points that are dder to the capsule lie on
circles with a larger radius compared to the points that areafther down the intes-
tine. As the point is getting farther away from the capsule, & brightness becomes
increasingly smaller. In optics, the BeerLambert law, desbes the strength of the
light after it travels through a certain kind of material. The relation is speci ed as

follows:

| = e Prly; (4.1)

wherel, is the light intensity at the capsule, whilel is the intensity at any point
p of the object; D, is the distance from the capsule to poinp; is a parameter
determined by the propagation medium, which in this case ctilbe assumed as air
or water.

According Beer's law and also it is intuitive that beyond a ceain distance,
there is almost no light that can be re ected back to the camer in the capsule
and a black hole therefore forms. The remaining problem is wther there is a
guantitative relation between the size of the BH and the sizef the small intestine.

It is actually safe to assume that the "certain distance" is @nstant during the
transition of the capsule as the certain distance is refer assibility of the LED in
the capsule. Then, as shown in Figure 4.4a, there is an imagrg plane, which acts
as a boundary in front of the capsule. All the objects that areafther than the
boundary are not visible to the video capsule.

In Figure 4.4a, pointM lies on the closest view that can be captured by the
camera. When projected on the onto the cylindrical imagelM has the largest
radius valuer; as shown in Figure 4.4b. Connectinyl and the camera forms angle

i which denotes the angle of viewP and Q are two boundary points of visibility,
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respectively lying on the walls of straight and contractedsall intestine. Their

projection on the screen aré; and Q;.

Considering s and . in the 3D space of inside the small intestine, it is obvious

that:
8
2 —_ iu
tan <= rD—V 4.2)
> . '
“tan o= %)

\

whererj, andri is the radius of the straight and contracted tubeD, is the visibility
from the lens of the camera to the far end. Meanwhile. Consideg s and . in

the triangle bounded by projection plane and the central agiresults in :

8
2tan s — tan

fs fi (4.3)
_> tan c = tan i .

fc ri !
whererg is the distance fromP; to the center of the endoscopic image, and similarly
re is the distance fromQ; to the center. r; is the size of the image which in this

research is set to be 512 pixels.

i i Vertical view
(a) Horizontal view (b) Vertical vie

Figure 4.4: Image acquisition system. The edge of view andetledges of BHs in a
straight tube (blue lines) and an contracted tube (red lingsare projected to screen
respectively, forming three angles, which are used for agsis of the relation between
the size of the BH and the radius of the tube.
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Combining Equation 4.2 and Equation 4.3 gives the solutionot calculate the

radius of the small intestine as described:

8

2 lis = rsttar:. :

S ' (4.4)

" lie = rchtar:i L

and consequently:
lis
lic = Fe—: (4.5)

I's

According to the discussion, there are two ways to measure tee of the small
intestine when it is contracted. One way is to use Equation 4.which involves the
angle of view (), the size of the image;, the visibility ( D,) and the radius of the
BH in contracted small intestine ). The other simpler way is to use Equation 4.5,
but it involves the radius of the BH in straight small intestine rg (which is usually
not known before the experiment), the radius of the uncontied small intestiner s
and the radius of the BH ).

4.3 Measurement Results and Analysis

Based on the results from section 4.1 and section 4.1, thixsen talks about ex-
periment results of measurement of intestinal contraction
Equation 4.1 provides an estimate of the visibility. If giva a lower bound of the

brightness of lightl, that can be detected by human eyes, the calculated distance

D, = Iog(:—'): (4.6)

can be considered as the visibility.
To measure the contraction, rst the size of the BH in each enlated image is
measured against the radius of the small intestine, as shownthe second and the

third column of Table 4.1. Plug in the parameters in Equatiort.4. The estimates of
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the radius of the small intestine when it is contracted is shen in the forth column.

The fth column shows the di erence between the theoreticavalues (which are
the real parameters of the model) and empirical results (wth are calculated from
the previous method). The comparison between analytical selts and the model
parameters indicates that our estimates for the radius of ¢ghmodel by using our
geometric model matches the experiment results very welkfer 6.81%). Thus given
a certain average radius of the small intestine, we can egséstimate whether the
small intestine is contracted and the amount of the contraan in terms of the radius
of the small intestine [79].

On the other hand, it is observed that as the radius increasebe error becomes
larger. This problem probably comes from the measurement tife size of the BH.
In the endoscopic images, the BH is formed by decreasing linigess of the content.
Thus the size of the BH is vague and can only measured based atireation. This
can be a reasonable explanation of why the errors becomeg&arwhen the size of

the BH is getting bigger.

4.4 Summary and Discussion

Physiological factors such as intestinal contraction a dcthe motion tracking of
the VCE to a large extent. In this section, the problem of measing the size of
small intestine from the endoscopic images is addressed andeometric model for
revealing the relation between the radius of the small intése and the radius of BH
in the images is discussed. Based on the comparison of engairiand theoretical
results, the geometric model is accepted as fairly valid fastimating the radius
of the small intestine. Given this estimate, it is viable to dtect whether the small
intestine is contracted and how much it is contracted only bsed on the video source.
Our two speed estimation algorithms provide solid resultshat have con rmed our
expectation.

Our work would greatly bene t motion tracking for video capsile endoscope.
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Table 4.1: Comparison between the real values of the radiu$ emulated small
intestine and the estimates based on the size of black holes.

Tag | BH Size (pixel) | Radius (mm) | Estimated Radius (mm) | Error (%)
1 25 5.5678 5.43 2.47%
2 35 7.7460 7.60 1.88%
3 43.5 9.3274 9.44 1.21%
4 46 10.5830 9.98 5.60%
5 55 11.6190 11.93 2.72%
6 60.5 12.4900 13.13 5.12%
7 64.5 13.2288 14.00 5.83%
8 69.5 13.8564 15.08 8.83%
9 72 14.3875 15.62 8.57%
10 76 14.8324 16.49 11.18%
11 78 15.1987 16.93 11.39%
12 79 15.4919 17.14 10.64%
13 80 15.7162 17.36 10.46%
14 82.5 15.8745 17.90 12.76%
15 84 16.0000 18.23 13.94%

Avg. 6.81%

By using the geometric model, we are an developing an impravalgorithm that
is adaptive to intestinal contraction. In the future the in uence of contraction will
be further studied with focus on building more realistic genetric models as well as

the corresponding virtual testbed by adopting clinical da.
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Chapter 5

Experiments on Speed Estimation

using Virtual Testbed

Speed estimation is the one of the essential parts in motionatking (The other is
orientation estimation). In this chapter, a speed estimatin algorithms is introduced
and reproduced. Using the speed estimation algorithms, theegormance of the
virtual testbed is evaluated. Moreover, the chapter also afyzes the in uence of
intestinal contraction on speed estimation.

Section 5.1 talks about feature point detection. SectionBtalks about displace-
ment estimation of the feature point. Section 5.3 discussése performance results

of speed estimation. Section 5.4 gives the summary.

5.1 Feature Point Detection

One important step in the motion tracking is feature point déection. The basic
idea of feature point detection is to detect the same point géct in two di erent
images. The purpose of feature point detection is to track éhtransformations such
as translation, rotation, and scaling between images, whice ects the motion of the
camera. It is important that the feature points extracted flom the reference image

can be accurately detected in the second image. According feetliterature, in the
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VCE application, more feature points can be detected by ther@e SIFT algorithm
then other algorithms [47]. Therefore a ne SIFT is adopted i this research to do
feature point detection.

The distance between a feature point and the capsule is vemportant for veloc-
ity estimation. When taking account into intestinal contraction, it is more important
for researchers to understand how the contraction in uensethe movement of fea-
ture points in an endoscopic image. Since the capsule is sumded by the walls
of small intestine, these walls are projected to the 2-D imagplane as a bunch of
circular rings (Figure 5.1). Under this image acquisition stem, the points that are
closer to the capsule lie on circles with a larger radius coimed to the points that
are farther down the intestine. Therefore to better study tlk in uence of intestinal
contraction, we use basic idea of MDR algorithm to generatelaunch of rings with
a certain amount of nodes in the endoscopic images, as showrbi2.

Every node is assigned a pair of index tq9 = 1;2;3;;P, andq=1;2,3;;Q,
wherep indicates the ring number andg indicates the amount of nodes in each ring.

We use the following equation to transform the indexes into &tesian coordinates:

(a) Horizontal view (b) Vertical view

Figure 5.1: Feature point detection. M indicates the closest view that can be
captured by the camera, forming the angle of view. P; and P; refers to two
feature points, forming two angular depths ; and , respectively. r is the radius
of the tube. r,1 and r,» are the distances betweeR;' and P,' to the center of the
image.
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(a) Previous state (b) Current state

Figure 5.2: Structure of MDR. In (b), red circles re ect the $ructure (theoretical)
in the next point of time.

Xp:as Ypigl = WP 1[C0526q;5in2—q] (5.2)

Q

whereXp.q, Ypg, are a pair of Cartesian coordinates of a node,is the radius of
the smallest ring,w is the ratio of the radius of two adjacent rings.

Now we regard these nodes as feature points and use a ne SIFTgakithm to
detect the positions of the feature points in the next imageNodes are connected
as the same topology as before, as shown in Figure 5 (b). As séethe picture,
as the virtual camera move forward along the tube, all the na$ moved outward

resulting in a larger radius of each ring.

5.2 Displacement Estimation

The speed of the wireless capsule can be estimated by measythe displacement
of the feature points. As shown in Figure 5.1 and Figure 5.2,dire points (nodes)
that are in the same ring have the similar displacements ouéxd if the capsule
is moving straightly forward. Thus we measure the displacesnts of the feature
points in di erent groups each of which consists of featuregints in one ring. After

averaged, each ring gives an estimate showing the re ectitige displacement of the
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Figure 5.3: Estimating the displacement of FP in straight tbe.

capsule. We use Figure 5.3 and Figure 5.4 to illustrate the @eedure of estimating

displacement of the capsule by measuring the estimate of baing.

5.2.1 Displacement Estimation in Straight Tube

In Figure5.3, L refers to the initial position of the capsuleand L' refers to the
position after the capsule moves forward for a distance of Muring this process,
the projection of a feature point P moves fronP; to P,, forming two angles 1 and
2. According to our previous analysis, the displacement D carelxalculated by the

Equation 5.2.

r tan
— S (1 1
tan 4 tan

) (5.2)

5.2.2 Displacement Estimation in Contracted Tube

Figure 5.2b re ects the situation where the intestine is cdmacted and stick to
the front cover of the capsule. In this scenario, as the cageumoves, the distance
between the feature point and the lens of the capsule staysstsame, yet still forming

two angles ; and ;. Plug in the expressions of; and », the displacement D can
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be calculated by Equation 5.3.

D=rs2 1) (5-3)

where

One of the biggest in uences of intestinal contraction on s®ed estimation al-
gorithm is that objects in di erent regions of endoscopic irages moves in di erent
modes, compared to that without contraction. In next sectin, we give the test

estimation results of both situations.

5.2.3 Speed Estimation

Finally the velocity of the capsule can be deduced as follows

VvV =

Rt (5.4)

where D is deducted from Equation 5.2 and Equation 5.3; t is the time interval

between two the capsule taking two adjacent frames.

Figure 5.4: Estimating the displacement of FP in contractedube. The walls of the
tube is stick to the front cover, which means that the distane between a FP and
the camera lens approximates the radius of the front cover.
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5.3 Performance Evaluation

So far, two algorithms for speed estimation respectively istraight and contracted
tube have been introduced . To clarify them, in this thesis,hte algorithm for speed
estimation in straight tube is de ned as algorithm A while the algorithm for speed
estimation in contracted tube is de ned as algorithm B.

This section talks about four-folded experiments of usindnese algorithms in the
virtual testbed introduced in chapter 3, which are: (1) usig algorithm A in straight
tube; (2) using algorithm A in contracted tube; (3) using algrithm B in straight
tube; (4) using algorithm B in contracted tube. Experiment esults closely match

expectation.

5.3.1 Speed Estimation in a Straight Tube

A straight small intestine model has been created using theathodology in chap-
ter 3. The straight tube is 10@m long, with a constant radius of 2m. The speed
of the virtual camera is set to be /mm=s. During the transition of the camera,
it takes pictures at resolution of 512 512%ixels. Field of view is 62, which is the
same as that of the wired camera used in the physical testbesl) ; is 31°. To
generate the nodes, the parameters are set as follows:= 7, Q = 128, r = 130,
w=1:1.

The rst step, feature point detection, is conducted using AT method as
discussed in section 5.1. Figure 5.5 shows the results. As ected, all the nodes
moved outward to the border of the image, resulting in a largeadius of each ring.
Also the structure of the rings is slightly distorted becausef some error in detection.

Next step is to apply the speed estimation algorithm on the re#s of FP de-
tection. First, the algorithm A is applied and the estimation result is shown in
Figure 5.7a, which is attached to end of this chapter. Thenniorder to illustrate
the error brought by selecting the incorrect algorithm, thelgorithm B is also applied

on the straight tube and the estimation result is shown in Figre 5.7b.
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As shown in Figure 5.7a, most of the estimates from all the faae point lie
nearly on the real value which is normalized to 1. The variaecof the estimates
in small angle of view are larger than the variance in big arglof view, which is
probably brought from the error of FP detection because whethe angle of view is
small, all contents are aggregated in small region of the emstopic images and it
is di cult to distinguish di erent FPs. Finally the average of the estimates is 0.9
which is pretty accurate.

As shown in Figure 5.7b, the estimates are far from the real ved when the
angle of view is small. This is because that when the small @gtine is straight, as
the camera moves for a little distance interval, the featur@oint that lies farther
away from the camera moves much slower in the endoscopic ireadecause of the
projection principles [80] [81]. Thus it is safe to say thatigen two FPs extracted
from the same images (which means their displacement in 3Dagje should be the
same), the inner FP that are closer to the center of the imageawes much slower
that the outer FP. What if the small intestine is contracted? As shown in Figure 5.4,

as the camera moves forward, the displacements of all the F&s the images should

(a) Previous state (b) Next state

Figure 5.5: Feature point detection in a straight small intstine. Each node in the
rings is regarded as a feature point, some of which doesn'tieaenough "feature”
information for detect though. For each of these nodes, a thshold is set. If the
detection result is far away from the original position, a ra& feature point near the
node would substitute it for detection.
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be the same because all FPs are moving along the hemisphdrfoant cover of the
capsule and thus it is easy to deduce from Equation 5.3 thatétilt angle of the FPs
increase at a constant rate. Therefore, if the algorithm B wbh is only applicative to
contracted tube is applied on straight tube, because the ien feature points moves
slower, the algorithm will give the incorrect estimation tkat the camera is moving

slowly.

5.3.2 Speed Estimation in a Contracted Tube

This subsection demonstrates the experiment results fronomtracted tube.

First and foremost a contracted small intestine is built usig the proposed
method. The diameter of the capsule is assumed asnif®. The radius of the
contracted small intestine is /nm. For FP detection, ther = 50, w = 1:26 and
other parameters are the same as those in previous subseattio

The results of FP detection are shown in Figure 5.6. As seen ihd images,
because of contraction, the walls of tube are closer to thenkeof camera, resulting
in a smaller black hole in the center, compared to the tube wibut contraction.
Nodes of the rings moved a little longer if we compare Figure@h and Figure 5.5b,
which is corresponding to our previous analysis.

After applying the algorithm B which is designed for contractd small intestine,
the results are shown in Figure 5.7c. As seen in the gure, most the estimates lie
around the real value of 1. On the left of the gure, when the agie of view is very
small, the estimates are very small as well because at thatgla, the walls of the
small intestine is no longer stick to the front cover of the gasule and it becomes
straight. So that estimates are similar to the left in Figure5.7b.

Similarly, the algorithm A which is designed for is also appdd to the contracted
small intestine to test the error that can be brought by selémg the inappropriate
algorithm. The results are shown in Figure 5.7d.

As shown in the gure, the estimates are tremendously far frorthe real value.
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Because algorithm A assumes the small intestine is straight means that the
FPs that are near the center of the image should have moved far very short
displacement. But the reality is that the walls of small intstine is hemispherical,
which means that the FPs that are near the center of the imagectually moves for
a similar displacement than others. The displacements ofdse FPs are much larger
than expectation of the algorithm. Thus the estimates becoenextremely large when
the angle of view is small. On the other hand, the estimateseaclose the real values

on the right end of the gure when the angle of view is relativg large.

5.4 Summary and Discussion

This chapter mainly discusses speed estimation of VCE insidmall intestine. Based
on ASIFT and MDR for FP detection, two algorithms respective) for estimating the
speed of VCE inside straight and contracted small intestineave been introduced
in details. Using the methodology in chapter 3, in the chaptera model of straight
small intestine and contracted small intestine are built floexperiments. Two algo-
rithms are applied to each of the model, which creates fourestarios. Based on the

experiment results, it is safe to conclude that the propose@stbed is eligible for

(a) Previous state (b) Next state

Figure 5.6: Feature point detection in the contracted smalhtestine. The detection
strategy is the same as discussed in subsection 5.3.1, assshim Figure 5.5.
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experimentation of testing speed estimation algorithms.

This chapter also analyzes the errors that can be generateg belecting inap-
propriate algorithms for speed estimation. The conclusiois that if it is unknown
whether the small intestine is contracted or not, using thewer FPs are safer than
using the inner FPs, or in the other word, when averaging thesgémates from all
the FPs, the outer FPs should have more weights than that of mer FPs.

Chapter 4 introduces an method to measure the amount of int&sal contraction
based on the size of the black hole. Therefore, combining thesults of chapter 4
and of chapter 5, it is believable that a motion tracking algathm that is adaptive

to intestinal contraction could be developed based on our @aetric models [82].
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Chapter 6

Conclusion and Future Work

This chapter presents the conclusion of the thesis and suggens for future work.

6.1 Conclusion

In this thesis, we talk about using a testbed for design and dermance evaluation
of the motion tracking algorithm for localization of the VCE A physical testbed and
a virtual testbed have been presented perspectively in déd& Based on the testbed,
the intestinal contraction has been emulated and a geometrimodel for measuring
the amount of contraction has been proposed. The algorithnfsr estimating the
speed of the VCE have been implemented and examined in thette=d. By adding
the contraction into the testbed, the in uence of the intesinal contraction on the
speed estimation algorithms have also been analyzed and adasion based on the
experiment results has been presented.

By correlating each emulated endoscopic image to a speciachtion of the VCE,
the testbed can provide accurate datasets in order to ass@her algorithm designers
who are working on visual localization technique to evaluatthe performance of the
algorithms. Based on the speed estimation results presediten this thesis, other
researchers can improve their motion tracking algorithmsybtaking into account

the in uence of the intestinal contraction and making the afjorithms adaptive to
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di erent scenarios.

6.2 Future Work

One of the suggestions for future work is to add other featwsdo the virtual testbed
such as tumors or polyps. In [83], the author talks about usinthe specular compo-
nent of illumination to detect polyps in the colon. Thus basa on the virtual testbed,
by adding a spherical object inside the small intestine andon guring its lighting
properties of its material, the virtual testbed can be usedat test the algorithms for
detecting polyps. Also there are opportunities for improvig the detection algorithm
by combing the location information provided by the testbed

Another suggestion for future work is to create a systematicestbed by im-
mersing a 3D physical model into homogeneous tissues suchnaser, oil or other
materials particularly designed for emulating the in-bodyenvironment. In this way,
the testbed can be also used to test RF or MT localization tedmues along with
visual based techniques.

The virtual testbed can also be combined with the RF simulatin environ-
ment to create a cyber localization testbed for performanaavaluation of a hybrid

(RF/visual) localization algorithm.
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Appendix A

A Visual Based Motion Tracking

Algorithm

The materials presented in this chapter draw substantiallfrom results presented

previously in:

1. Bao, Guanqun, Liang Mi, and Kaveh Pahlavan. "Emulation ormotion track-
ing of endoscopic capsule inside small intestine.” In 14tmternational Con-

ference on Bioinformatics and Computational Biology, Lasagas. 2013.

A.1 Motion Classi cation in Adjacent Video Frames

As shown in Figure A.1, if the inner walls of the small intestings modeled as a
cylindrical tube with a known diameter, the FP projected on he screen will change
its location (from P; to P, and from Q; to Q;) according to certain geometrical
rules as the capsule moves. In Figure A.la, the small intestiris straight while
in Figure A.1lb, the small intestine is bend. Once a feature paiis detected on
two adjacent video frames, a motion vector started from therpvious location on
the image to the next location. The motion vector is then invesely projected to

3D space to calculate the motion vector of the point in real 3[2nvironment [84].
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(a) Detect linear transition and rotation (b) Detect tilting

Figure A.1: Detection of the motion of the capsule based on theovement of the
FP on the walls of small intestine.

Combining the results of all the FPs gives a overall estimatn of the motion of the
video capsule that causes the change in the video frames. larficular, the motion
of the capsule is classi ed into four types: forward and bagkard transitions, rotate,

and tilting. The corresponding scenarios are shown in FigairA.2. Finally, given a

Figure A.2: Four di erent scenarios classi ed for visual basd motion tracking, which
are forward and backward transitions, rotation, and tilting.
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start location of the video capsule, the location at any potrof time can be calculated
by adding motion vectors to the previous location, which mads the process simialr
with Markov Chain [85] [86] [87].

A.2 Experiment Results using the Proposed Vir-

tual Testbed

The motion tracking algorithm are then applied on the emulagd images from the
virtual testbed discussed in chapter 3. Particularly, the @stbed shown in Figure 3.9
are used to emulate the image source. Figure A.3 shows the expent results.
The green line is the ground truth of the motion track of the uitual video capsule,
which is a piece of the virtual testbed, and the yellow line ithe reconstructed track.
As shown in the gure, the error becomes increasingly largesahe capsule moves
forward because the calculated location at each state tohaldepends on the location
at the previous state, (which is one of the biggest limitatio of this technique). To

conquer this problem, a hybrid solution combining image ladization technique and

RF localization technique has been developed in our prevework [43].

(a) Green line is the ground truth which is (b) Generally the error becomes larger as
the shape of the virtual model; yellow line the virtual camera moves forward because
re ects the reconstruct of path of the vir- the error brought in each step will accumu-

tual camera by the use of the motion track- late. The amount and direction of the error

ing algorithm are both unpredictable.

Figure A.3: Previous results from motion tracking of a virtuhcamera along a 3D
virtual model.
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Appendix B

Matlab Code Used for Speed

Estimation

B.0.1 Main Function

[* main function */

clear

close all

I01=imread(‘framel.jpg’); /* load first frame */

I02=imread(‘'frame2.jpg’); /* load second frame */

[* load FP detection results */

C=importdata('ASIFTResult.txt");

[X,y,x0,y0,P,Q,r,w,11,12] = nodeMatching(101,102,C);

[J,d3] =tensionModeling(x,y,x0,y0,P,Q,r,w);
[Dpaveragel,Dgaveragel,Dpl,Dgl]=displacementEstimat ion1(x,y,x0,y0,P,Q);
[Dpaverage2,Dp2,Dgaverage2,Dg2]=displacementEstimat ion2(x,y,x0,y0,P,Q);
[rO,averager0] = averagering(x0,y0,P,Q);
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B.0.2 Function: nodeMatching

function [x,y,x0,y0,P,Q,r,w,101,102] = nodeMatching(l0

[*emenee ASIFT FP aided match-------- */

clear

I01=imread(‘framell.jpg’); %
I02=imread(‘frame22.jpg’); %
11=255*im2double(101);
12=255*im2double(102);

[*results are gained previously from ASIFT*/

C=importdata('match_ASIFT_framellframe22.txt');

I*pg->xy*/
p=1;9=4,r=150
P=9;0Q=128;
r=130;w=1.07;

[m,n,0] =size(l01);

for g=1:Q
for p=1:P
X(p,q)=r*w"(p-1)*cos(2*pi*a/Q);
y(p.q)=r"w”(p-1)*sin(2*pi*a/Q);
end
end

x=x+13*ones(p,q);

y=y-15*ones(p,q);

1,102,C)

[* -put the centre of the rings in the centre of the picture- */

74



x=floor(x)+m/2;
y=floor(y)+n/2;
[x0,y0] = assignMDRnodestoFPs(C,x,y,P,Q);

B.0.3 Function: assignMDRnodestoFPs

function [coordinatesinsecondframex,coordinatesinsec ondframey]...,

= assignMDRnodestoFPs(fpcoordinates,nodescoordinates infirstframex,nodescoordinatesin

fpcoordinates=floor(fpcoordinates+0.5*ones(size(fpc oordinates)));

Cl=fpcoordinates(:,1);

C2=fpcoordinates(:,2);

C3=fpcoordinates(:,3);

C4=fpcoordinates(:,4);

x=nodescoordinatesinfirstframex;

y=nodescoordinatesinfirstframey;

for p=1:P

for g=1:Q

d2=sqrt((C1-x(p,q)*ones(length(C1),1)).*2+(C2-y(p,q )...,
*ones(length(C1),1)).72);
/lcalculate the distance between a node and all other FPs
I(p,q)=find(d2==min(d2),1);//find the closest FP for eac h node
l(p,a)=d2(I(p.q));
[*use the coordinates of FPs in the second frame to
estimate the coordinates of nodes in the second frame*/
CO1(p,a)=C3(I(p,q))+(x(p,q)-C1(I(p,a)));
C02(p,a)=C4(I(p,a))+(y(p,a)-C2(I(p,)));

end

end
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coordinatesinsecondframex=CO01;

coordinatesinsecondframey=C02;

B.0.4 Function: assignMDRnodestoFPs2

function [d,dd,d0,d1,d2,thetala,theta?a]

= assignMDRnodestoFPs2(coordinates,centerx,centery)

x0=centerx;

yO=centery;

Cl=coordinates(:,1);

C2=coordinates(:,2);

C3=coordinates(:,3);

C4=coordinates(:,4);

I=length(C1);

for i=1:l
d1(i)=sqgrt((C1(i)-x0)"2+(C2(i)-y0)"2);
/ldistance from FP to center, frame 1
d2(i)=sqrt((C3(i)-x0)"2+(C4(i)-y0)"2);
/[distance from FP to center, frame 2
tand1(i)=d1(i)/368;
tand2(i)=d2(i)/368;
thetal(i)=d1()/368*0.7854; pi/4=0.785398
theta2(i)=d2(i)/368*0.7854;
d(i)=10/tand1(i)*(1-tand1(i)/tand2(i));
d(i)=16*cot(theta2(i)-thetal(i));
dO(i)=10*(thetal(i)-theta2(i));

end

dd=mean(mean(d));

theta2a=theta2*180/pi;
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thetala=thetal*180/pi;

R=16;

r=16;

for i=1:1:89
j1(i)=i/180*pi;
j2(i)=(i+3.58)/180*pi;
D1(i)=R/(tan(j1(i))*(1-tan(j1(i))/tan(j2(i))));
D1(i)=R*(cot(j1(i))-cot(j2(i)));
D2(i)=r*(2(1)-j1());

end

B.0.5 Function: averagering

function [rO,averager0] = averagering(x0,y0,P,Q)
rO=sqrt((x0-256*ones(P,Q))."2+(y0-256*ones(P,Q))."2 );
averagerO=mean(r0";

tantheta=averager0.*4.7./256;

theta=atan(tantheta);

end

B.0.6 Code for Generating a 3D Mesh of the Small Intestine

A straight pipe with no rotation----*/

x=1:100;

y=zeros(1,100);

z=zeros(1,100);

[X,Y,Z] =cylinder2(x,y,z,16*ones(1,100),200);
[0=imread('mask2.jpg");

csvwrite(‘'surfacex.dat',X);
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csvwrite(‘'surfacey.dat',Y);

csvwrite(‘'surfacez.dat',2);

figure,surface(X,Y,Z,10,'FaceColor','texturemap’,'E dgeColor',...,

'none’,'CDataMapping’,'direct’);
hold on

axis equal
camproj('perspective’);
camva(62);

camtarget([x(10),y(10),z(10)] );
campos([x(1),y(1),z(1)] );

set(figure(1),'position',[300 100 736 736] );

hold off

figure,surface(X,Y,Z,11,'FaceColor','texturemap’,'E dgeColor'...,

,’none','CDataMapping’,'direct’);

hold on

axis equal

camproj('perspective’);

camva(62);
camtarget([x(100),y(100),z(100)] );
campos([x(2),y(2).z(2)] );
set(figure(2),'position’,[600 100 736

clear
l4=imread('mask4.jpg");
x=1:101;
y=zeros(1,101);
z=zeros(1,101);
rl=16*ones(1,101);
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r1(1)=16;
for i=2:14

r1(i)=sqrt(16°2-(x())"2);
end
r1(15)=6.2;
r1(16:101)=5.5678*ones(1,86);
[X1,Y1,21] =cylinder2(x,y,z,r1,200);

r2=16*ones(1,101);

r2(1)=16;

r2(2)=16;

for i=3:15
r2(i)=sqrt(16°2-(x(i)-1)"2);

end

r2(16)=6.2;

r2(17:101)=5.5678*ones(1,85);

[X2,Y2,22] =cylinder2(x,y,z,r2,200);

for i=1:201
X2=spline(1:16,X(i,1:16),1:0.1:16);
Y2=spline(1:16,Y(i,1:16),1:0.1:16);
Z2=spline(1:16,2(i,1:16),1:0.1:16);
X1(i,:)=[X2,X(i,17:30)] ;
Y1(3i,:)=[Y2,Y(i,17:30)] ;
Z1(i,:)=[Z22,Z(i,17:30)] ;

end

10(:,1:328,:)=zeros(2048,328,3);

11(:,1:348,:)=zeros(2048,348,3);

s=0;image center shift

pl=1;
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p2=2;
ul=floor(0.03*ones(201,101-16)+rand(201,101-16));
u2=ul(:,2:101-16);

X2=X1(:,17:101).*ul;

Y2=Y1(:,17:101).*ul;

Z2=71(:,17:101).*ul;

X3=X1(;,18:101).*u2;

Y3=Y1(:,18:101).*u2;

Z3=71(:,18:101).*uz;

B.0.7 Function: cylinder2

function [X,Y,Z]=cylinder2(x,y,z,r,N,0)
=, Y=; z=[;
if nargin<5
N=100;
end
x=x(:); y=y(); z=z(); r=r();
nx=length(x);ny=length(y);nz=length(z);nr=length(r)
an=[nx ny nz nrj;
if ~ismember(diff(an),[0 0 0],'rows’)
disp(* )
disp('x, y, z, r must have the same length!)
else
if nx<2
disp(’ )
disp('The length of x must be greater than 1)
else

if nargin<6

80



o=ones(nx,2);
else
[01,02]=size(0);
if 02>01
0=0";
end
end
C=[x y z];D=diff(C);E=zeros(nx-1,3);
for i=1:nx-1
if norm(D(i,:))>0
E(i,:)=D(,:)/norm(D(i,>));
else
E(i,:)=[0 0 0];
end
end
if norm(C(1,:)-C(nx,:))<le-10 && norm(cross(E(1,:),E(n x-1,:)))>0
Closed=1;nxx=nx+1;E=[E;E(1,)];
else
Closed=0;nxx=nx;
end
f=linspace(0,2*pi,N+1);
xcc=cos(f);ycc=sin(f);zcc=zeros(size(f));
for i=1:nx
if i==1
if ~Closed
d=[];k=i;
while k<nx-1
if norm(cross(E(k,:),E(k+1,:)))==0
k=k+1;d=[d K];
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else
break
end
end
if norm(E(1,:))==0;
vz=E(2,);
else
vz=E(1,));
end
if k==nx-1
if norm(cross([0 0 1],vz))~=0
va=cross([0 0 1],vz);
else
va=cross([1 1 1],vz);
end
else
va=cross(E(k+1,:),vz);
end
vy=va/norm(va);vx=cross(vy,vz);V=[vx;vy;vz];
Vp=V;Vpp=V;alf=0;
else
d=[l;
vb=(E(1,:)+E(nx-1,:))/2;vz=vb/norm(vb);
va=cross(E(1,:),E(nx-1,:));vy=va/norm(va);
vx=cross(vy,vz);V=[vx;vy;vz];Vpp=V;
alf=acos(E(1,:)*E(nx-1,:));
if abs(alf>3*pi/4)
alf=0;

end
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end
else
if ismember(i,d)
V=Vp;alf=0;
else
d=J;
k=i;
while k<nx-1
if norm(cross(E(k,:),E(k+1,:)))==0
k=k+1;
d=[d K];
else
break
end
end
if ~isempty(d) || i==nx
if norm(E(i-1,:))==0;
vz=E(i-2,:);
else
if i==nx
vz=E(i-1,3);
else
vz=E(i,:);
end
end
va=Vpp(2,:);vy=va/norm(va);vx=cross(vy,vz);
V=[vx;vy;vz];Vp=V;alf=0;
end

if i<nxx
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vb=(E(i,:)+E(i-1,:))/2;vz=vb/norm(vb);

va=cross(E(i,:),E(i-1,)); vy=va/norm(va);

VvX=Cross(vy,vz); V=[vx;vy;vz];

ang=acos(vy*Vpp(2,:));Vang=cross(vy,Vpp(2,));

if Vang*vz'>0

ang=-ang;

end

A=[cos(ang) sin(ang); -sin(ang) cos(ang)];

xy=A*[xcc;ycc];xcc=xy(1,:);ycc=xy(2,);

Vpp=V;alf=acos(E(i,:)*E(i-1,:)");

if abs(alf>3*pi/4)

alf=0;
end
end
end

end
xc=0(i,1)*r(i)/cos(alf/2)*xcc;yc=0(i,2)*r(i)*ycc;
Xyz=[xc;yc;zcc];M=pinv(V);
xyzl=M*xyz+repmat([x(i);y(i);z()],1,N+1);
X(,1)=xyz1(1,))Y(,1)=xyz1(2,:);Z(:,1))=xyz1(3,:
X=real(X);Y=real(Y);Z=real(Z);

end

end

end
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Appendix C

Full Publication List

C.1 Related to this Thesis

1. Mi, Liang, Guanqun Bao, and Kaveh Pahlavan. "Design and lidation of a
virtual environment for experimentation inside the small mtestine”, In Pro-
ceedings of the 8th International Conference on Body Area Netwvks, pp. 35-
40. ICST (Institute for Computer Sciences, Social-Infornmecs and Telecom-

munications Engineering), 2013.

2. Mi, Liang, Guanqun Bao, and Kaveh Pahlavan. "Geometric Esnation of
Intestinal Contraction for Motion Tracking of Video CapsuleEndoscope”, In
Proceedings of SPIE Volume 9036, Medical Imaging 2014: IneaGuided Pro-

cedures, Robotic Interventions, and Modeling, San DiegoQ24.

3. Bao, Guangun, Liang Mi, and Kaveh Pahlavan. "Emulation ormotion track-
ing of endoscopic capsule inside small intestine.” In 14tmternational Con-

ference on Bioinformatics and Computational Biology, Las agas. 2013.

4. Bao, Guanqun, Liang Mi, and Kaveh Pahlavan. "A video aidedRF localiza-
tion technique for the wireless capsule endoscope (WCE) it small intes-

tine." In Proceedings of the 8th International ConferenceroBody Area Net-
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works, pp. 55-61. ICST (Institute for Computer Sciences, $@l-Informatics

and Telecommunications Engineering), 2013.

5. K. Pahlavan, G. Bao and L. Mi, "Body-SLAM: Simultaneous Loalization
and Mapping inside the Human Body", keynote speech, IEEE/ACMBth In-
ternational Conference on Body Area Networks (BodyNets), Bosh, MA,
September 30-October 2, 2013.

C.2 Not Related to this Thesis

1. Zhou, Shuang, Liang Mi, etc. "Building detection in Digial surface model."
In Proceedings of Imaging Systems and Techniques (IST), ZIEEE Inter-
national Conference on, pp. 194 - 199, 2013.

2. Yunzhou Zhang, Huiyu Liu, Wenyan Fu, Aichun Zhou and Liang Mi "Local-
ization algorithm for GSM mobiles based on RSSI and Pearssntorrelation
coe cient." In Proceedings of Consumer Electronics (ICCE) 2014 IEEE In-

ternational Conference on, pp. 284 - 285, 2014.
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