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Chapter 1
Introduction

edical imaging is a generic term used to de ne the use of medalic
M practices to create images of the human body for clinical poose.
Today it includes a wide range of di erent techniques and trse have greatly
enhanced the quantity and quality of information available n the clinical
practice. The clinician may now obtain a comprehensive viewf mnternal
structures of the human body, such as heart, kidney, lung, gutnd so on.
Computer assistance plays a relevant role in all these cluail applications.
Each imaging technique is indeed associated with some kind sfecialized
workstation which maintains the appropriate tools for mamulating images,
performing measurements and extracting relevant informatn from the avail-
able data. The major strength in the application of computes to medical
imaging hence is the use of Computer Vision and Image Procesgitech-
nigques to automate some speci ¢ analysis tasks.
Among the thousands of possible areas, in this dissertatiorevexploit the
current Computer Vision technologies to propose new methods two re-
search elds: \Automatic Classi cation of Frames from Wireless Capsule
Endoscopy” and \Depth Estimation in Bronchoscopic Intervation”. In
both cases the exploration of tubular internal structures fothe human body
through the analysis of endoscopic images asks for innovatiand \smart"
algorithms to translate the rough image data into useful imdrmation for the
doctors.
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Automatic Classi cation of Frames from Wireless Capsule Endoscopy

Wireless Capsule Endoscopy (WCE) is a diagnostic techniquesad to ex-
plore intestinal regions which are di cult to reach with traditional endoscopy.
The large number of images produced by this technology reges the use of
computer-aided tools to select only meaningful frames to epd up the analy-
sis time by the expert. In the rst part of this dissertation a machine learning
system to automatically categorize the frames in WCE videos [@oposed.
Our research focus in two di erent classi cation/detection tasks. In partic-
ular, we tackle the problem of the automatic detection of sutkn changes
in endoscopic video sequences in order to help the cliniciam lbcate only
the relevant frames for diagnostic purpose. The second pteln is the auto-
matic detection of speci ¢ events such as the intestinal ctrnactions, that are
often related to certain gastrointestinal disorders. It shald be known that
the interpretation of a medical examination by an expert istsongly related
to his/her experience. The presence of low-skilled sta, gether with the
potential distractions of the observer, can a ect directlythe nal report of
the examination. Performing a computer-aided analysis orse a fully au-
tomated one as a second opinion is hence very useful. Thesesaerations
motivated the research of classi cation algorithms that a& addressed in this
dissertation.

Depth Estimation in Bronchoscopic Intervention

3D vision systems are currently used for enhancing depth peption and to
provide a greater immersive experience for di erent resedr domains. Other
than for entertainment, stereo viewing has being proposedrfmedical appli-
cations even if real applications are at the present time aheir begin. In the
second part of this dissertation we intend to exploit the st&o-camera setup
available in stereo-viewing systems for 3D reconstructiorin particular, we
aim at extracting depth information of the bronchial scene lasserved through
an experimental stereo bronchoscopic probe. Although we tmcon broncho-
scopic images, our ideas can be applied to di erent endosaoprocedures.
In particular, the information provided by a depth map representation can
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be used in di erent ways in an endoscopic station and it mighbe useful to
improve the visual navigation and surgical intervention. Tie main important
advantage of the 3D reconstruction that we try to achieve is t@nable the
use of Augmented Reality to support the endoscope teleguidas a proof of
concept for this research, we initially report the experinmgs that we have
conducted on a bronchoscopic video obtained from the apg@ion of a stan-
dard monocular bronchoscope. In a second section, we ddser simulation
of virtual environment of a stereo-setup system over a synthe model of
a tracheo-bronchial tree. Finally, we introduce a real protype of a stereo
bronchoscope, i.e., a exible probe equipped with a couplé micro cameras
and a light source. This technological step has been develdpat the labs
of the \School of Engineering and technology", University oHertfordshire
(UK), where the author of this dissertation has spent a signcative time of
his graduate studies, partecipating to this project.

1.1 Dissertation organization

This dissertation is structured in two parts: throughout the rst part, which
comprises the rst seven chapters, we introduce the resehrconducted to au-
tomatically detect speci ¢ events in endoscopic images. fparticular, Chap-
ter 2 describes in detail the WCE technique that provides thensemble of
endoscopic images under examination. Chapter 3 reports adiscusses the
relevant works that have already been published regardindné capsule en-
doscopy technology. In this occasion, it is possible to knowhieh classi ca-
tion problems are typically addressed and the algorithms ergyed to solve
them. The following two chapters (Chapter 4 and Chapter 5) dicuss the
theory behind our experiments: Information Theory and Engable Learning
respectively. The experiments conducted to verify our prajsals are reported
in Chapter 6. Chapter 7 closes the rst part of this dissertabn with the gen-
eral discussion of our work. It also discusses which futureteavities may be
taken to improve the results obtained insofar.

The second part of the dissertation, which includes the rermang chapters, is
devoted to study the Stereoscopic Vision in the context of endcopic imag-
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ing. Chapter 8 gives to the reader some useful information dtereoscopy.
It is explained how it is possible to obtain depth clues from pair of stereo
images. It also gives some useful information on the calibran step needed
to extract the camera information and to bring a pair of roughmages in a
standard stereo form. A literature review about Stereoscgmpplied in med-
ical devices is reported in Chapter 9. Chapter 10 reports thexperiments
conducted to test the validity of our proposal. Finally, Chaper 11 draws the
conclusion and closes this dissertation.
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Chapter 2
Wireless Capsule Endoscopy

Endoscopy is the most prevailing modality for diagnosing gaeintestinal dis-
orders. Nowadays, there are several di erent endoscopic pemlures varying
from colonscopy and enteroscopy to full intraoperative endcopy. The tra-
ditional \push" endoscopy involves the use of a surgical pbe-tube equipped
with a micro camera and a light source. The physician condwsthe probe
by moving it forward along the bowels and examines the recad images
projected on a screen. Modern endoscopes also contain aneasory chan-
nel, which allows to insert medical instruments to take tiase sample and
perform endoscopic resections. Although this procedure is eient both for
diagnostic and therapeutic purposes, it is usually limited yothe depth of
the insertion of the scope allowing only the exploration ofrie upper small
intestine. The exam also requires the presence of a quali ethsand the
need of hospitalization and sedation of the patient.

While progressive size reductions in probes and imaging enlbaments are
enabling ongoing technical improvements in endoscopesgthgid structure
and the thickness of the probe do not allow the exhaustive ebgpation of long
and convoluted regions like the small intestine. Limitatias of current endo-
scopic techniques in the identi cation of small bowel disalers have prompted
a search for alternative technologies. For this reason, a négchnique called
Wireless Capsule Endoscopy (WCE) [1],[2] has been introduceslanew less
invasive and painless kind of endoscopy.
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WCE employs the use of a pill-shaped device that is swallowbg the patient
and it is propelled through the gut by the physiological intstinal peristalsis.
The front-end of the capsule is equipped with a tiny camera dra transmitter
wirelessly sends the recorded images to an external receivence the study
Is nished, the recorded movie can be easily downloaded inboworkstation
with the appropriate software for its posterior analysis by he expert.

As the quality of the images obtained with WCE improves, this ¢chnology
Is strongly elective to detect abnormalities such as ulcerbleedings or the
presence of tumors in the small intestine. The exam is alsas$euncomfort-
able to the patient because it is required only to swallow a caple. Once
activated, the capsule approximatively captures two franmseper second; WCE
operates for about 8 hours, that corresponds to the lifetimef the battery
of the capsule, reaching up to 50000 useful images at the erddle exam-
ination. Images taken during the entire route of the capsulehtough the
intestine are successively analyzed by an expert. He/She msgend up to
one or more hours to gather the relevant information for a pper diagnosis.
This greatly limits the use of the capsule technology as a @jaostic routine
tool. Recognition of frames displaying a pathology is inddea hard problem,
and pre-processing of the whole ensemble of the frames tonatiate those
that do not carry relevant information is a much needed step.

The advent of WCE endoscopic imaging technique has led to thesklop-
ment of a new branch of computer-aided support systems. Sugystems may
be deployed using Computer Vision techniques to assist a meali expert in
improving the accuracy and the annotation times of medicalidgnosis. Some
typical tasks that can be facilitated by the use of these conuper-aided tools
are related to anomaly detection and categorization, datadection and clus-
tering, and automatic topographic segmentation of an endospic video.
This chapter reviews the fundamentals of WCE. Special care paid to the
structure of the capsule, with the relative bene ts and drawacks. After
presenting some basic theoretical notions, we focus on timeaiges we get out
of this imaging technique, analyzing how these ones di er earding to the
digestive tract in which they were recorded. In order to makeasier the
understanding of this work, this chapter ends with a brief arview of the
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human digestive system.

2.1 WCE system details

The rst prototype of the modern WCE was made in 1981. Its crear, the
Israeli Gavriel lddan, worked at the research center of thestael Defense
Forces (IDF) to design elettro-optical visors applicable orockets. Iddan ex-
ploited the latest miniaturization technologies to createx new revolutionary
system for gastrointestinal endoscopy, in which images aequired by means
of a swallowable micro-camera traveling within the digeste tract driven by
the peristaltic movements. Once built an initial prototypeand carried out
their feasibility studies, it was performed testing on anirals. In 2001, with
the approval of FDA (Food and Drug Administration) and applyingthe CE
mark , the application was extended to human people as a systdo routine
diagnostic endoscopy [3]. Around the capsule, Iddan founddéae company
\Given Imaging" [1] that aims to develop and commercialize wrldwide this
new technology. The system was patented under the name \Mouth Anus
(M2A) Given Diagnostic Imaging System." Capsule endoscopynimediately
raised great interest as it opened the opportunity to exhatisely explore
the entire small intestine without any discomfort. With thousands of physi-
cians now using the capsule as part of the initial endoscopiceck-up, several
articles have been written indicating this new technologyustable for some
diseases as small bowel tumors, celiac disease, bleedidgs]|

The WCE technology is composed by means of three main subsyste a
ingestible capsule, a recording device and a workstation egped with pro-
prietary data processing software.

The capsule is disposable, which means it will not be recovered after
the expulsion that naturally occurs 10 to 72 hours after thengestion. The
characteristics of the capsule may vary depending on the ma#acturer. The
pioneer WCE company, Given Imaging, commercializes capsslifor the vi-
sualization of the mucosa in the small bowel (PillCaf¥ SB), esophagus
(PillCam™ ESO) and colon (PillCant™ COLON). The rst two kinds of
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Table 2.1: The rst generation of video-capsules produced l§yiven Imaging.

Video-capsule Release| Dimensions | Frame Working
Date Rate Time
L)
W pilicam
s - 2001 |11 26 mm| 2fps 8 hours
PillCam™ SB
L | N
d Pillcam ]
2004 |11 26 mm| 18 fps| 20 minutes
PillCam™ ESO
-IICEm;'Ti
2006 | 11 31 mm| 4 fps 4 hours
PillCam™ COLON

capsules have the same dimensions, even if they acquire iemgt two di er-

ent frame rates. This is due to the di erent travel times of the capsule, which
takes about 8 hours to go through the small intestine and 152ninutes in-
side the esophagus. All small bowel capsules have only one camehereas
Given Imaging's esophagus and colon capsules have two ofntheThe idea
of adding a camera comes from the need to maximize the coveredace for
intestinal regions of higher diameter. It also helps to stermore information
in regions where the capsule travels quickly. PillCaff COLON captures
4 frames per second and the imaging devices on either end o ttapsule
provide a near 360 view of the colon (Table 2.1).

The quality of WCE imaging has improved through the years. Ta reso-
lution and lighting conditions are now signi cantly better. Given Imaging
company has already reached the next generation of the cafesj which sat-
is es a higher frame rate maintaining the dimensions of the dlgeneration.
Another capsule distributor, Olympus [2], produces capsuldsased on the
same size as the Given capsule but with a charged-coupled idev(CCD)

rather than a CMOS imager. It also provides a viewer showing aktime

information on the route covered by the capsule inside the pant's torso.
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Figure 2.1: (a) lllustration of a video-capsule together wit the distribution
of its components in scale (b).

Figure 2.1 shows the structure of the PillCarl"! SB capsulé. It is an as-
sembly of well-tried image acquisition components. The extnal case is a
biocompatible plastic capsule weighting:3g and measuring 1Inm 26mm.
The body of the capsule hosts the following components: an agl dome (1),
a lens holder (2) with a short focal length lens (3), four illminating LEDs (4),
a CMOS (Complementary Metal Oxide Semiconductor) sensor (Sjvo bat-
teries (6), an application-speci ¢ integrated circuit (ASC) radio-frequency
transmitter (7) and an external receiving micro-antenna (8 The capsule
comes from the manufacturer ready to use and it starts to tramsit on re-
moval from a storage compartment, which contains a magnet &t keeps the
capsule inactive until use.

The recorder device involves the use of eight receiving antennas taped
to the patient's torso, similarly to the electrodes adheses used for the elec-
trocardiograms. These collect the signal transmitted by #h capsule and send
it to the receiver carried on the patient's belt (Figure 2.2).It starts to record
as soon as a signal is received from the video-capsule. Tharelteristics of
the recorder allow the patient to wear it easily under clothig and to continue
a normal daily activity. Patients are asked to avoid abrupt meements and

INotice that the speci ¢ Given Imaging products are used here to exphin the WCE
technology. After Given PillCam was introduced, many types of video-@psules have been
developed and are available in the market [6, 7, 8].
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(b)

Figure 2.2: (a) The antennas array that transmits the capsule signal to a
recorder worn by the patient (b).

to constantly monitor a ashing light on the receiver for thecon rmation of
a good signal reception. In the last years the recorders haveen improved.
The capacity, battery life and reliability are now signi cantly better to re-
ect di erent types of capsules. They are easy to use and caain intuitive
LEDs for signal reception and battery level. A typical caps& endoscopy
exam takes approximatively 7-8 hours. Once the exam is nigl, the pa-
tient comes back to ambulatory to deliver the recorder containg all the
images captured by the capsule and wirelessly transmitted.

The workstation is a dedicated computer equipped with a projetary
data analysis software . It allows to watch the entire examination, with
a special utility enabling to get quickly any image within the video. The
physician reads the video in one of several formats, captsrand labels the
salient information, and then prepares a nal report. As alrady mentioned,
this is one of the main drawbacks of endoscopy through videapsule. Notice
that a good diagnosis requires up to two hours, and it highlyepends on the
physician's experience. This process is also so exhaustingt the physician
rarely performs two consecutive diagnoses. At the end of tlamalysis all the
annotated information are automatically saved. These ndigs les can be
saved on a CD, a DVD or any other storage device and then sent tdleagues
for consultations. For further details on using this softwae, refer to Section
2.4.
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2.2 Benets and risks of capsule endoscopy

Since its introduction, more than 1.000.000 patients wonide have bene ted
from the capsule endoscopy. As with all new technologies, theactical use of
the capsule led to the introduction of improvements to the dignostic system
that, in turn, has opened new elds of clinical use. Already intie early
studies it was possible to assess the operational charaggcs and the limits
of the capsule:

Usability: It is much less invasive than traditional endoscopy, since
the patient simply has to swallow a vitamin-size capsule, wth will be
expelled in the normal cycle through the defections. The appation
of the system (antennas, recorder, batteries) to the patiérs very easy
and can be carried out, with a minimum of training, even by urislled
sta .

Tolerability: ~ The majority of the patients succeeds in swallowing the
capsule with some sips of water. The application of the antaas on
patient's torso has not resulted in complaints by patients.

Completeness of the examination:  As already mentioned, the cap-
sule is strongly indicated to the exploration of the small irdstine. It
sometimes allows to capture images of the esophagus, but tapidity
of oesophageal transit rarely allows to capture signi canindings. In
such cases it is suggested to use the Given PillCam ESO: it caints an
imaging device at both ends of the capsule and take up to 18 fnas
per second as it passes through the esophagus. Nowadays, hewev
capsule endoscopy cannot exhaustively replace the use @instard en-
doscopic procedure; indeed, it is often complementarily e with other
examinations. Since the capsule has not therapeutic capktioes, any
abnormalities detected by the capsule must be further invegated by
the standard endoscope. This has the proper tools for the exttion of
intestinal tissue destined to a later histological invesgation. Further-
more, the movement of the capsule within the digestive tradgs passive
and driven by peristalsis. The recorded area is hence unpretdble, it
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is patient dependant, and it is not conceivable the employmewf the
capsule in place of the standard endoscopy.

One of the main concern, although it rarely appears, is rekad to the cap-
sule retention when it is not naturally excreted in the feces itin two weeks
after the ingestion. If it occurs, it is necessary to remove through the
surgery. Capsule endoscopy is hence controindicated in jeats with known
or suspected intestinal stenosis or with the presence of eex deformities of
the digestive tract. Recently, a \patency" capsule that dog not require any
preparation has been introduced in the market. The utility $ to scan the
bowels to verify an adequate patency of the gastrointestihtract in patients
with known or suspected strictures prior to administrationof the video cap-
sule in safety and tranquillity. This capsule is made of speci materials
decomposing with the contact to the intestinal contents in dew days after
the ingestion. It also contains a Radio Frequency Identicain (RFID) tag
to determine capsule location.

Other contraindications to the application of the video-cpsule refer to pa-
tients which have su ered previous invasive surgery on the adomen and
when there is the presence of pacemakers or other electrinadical equip-
ment. This is due to the possible interferences between thagestems and the
WCE radio transmitter. Some technical malfunctions relatedo the capsule
have been reported but were rarely signi cant [9]. The incesing interest
in this technique and the technology improvement would makthese issues
occurring less frequent.

The most critical limitation concerns the discharge time othe images from
the portable recorder and the long annotation time that eaclexam needs
from a trained specialist. He/She may spend up to one or more i@ to
gather the relevant information for a proper diagnosis. Tisi greatly limits
the use of the capsule as a diagnostic routine tool. Such shaining may be
overcome if the WCE video is automatically segmented into shter videos,
each one relative to a di erent trait of the bowels, and if reable automatic
annotation tools are available to the clinicians. Unfortuntely, the goal of
automatically producing a summary of the whole WCE video renmas yet
unaccomplished. Tools to extract semantic information fra such videos,
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such as the one presented in this work, are relevant reseangfoducts for
applied Pattern Recognition investigators.

2.3 Typical capsule endoscopy images

Wireless Capsule Endoscopy produces images of the digestraet, covering

a circular 140 eld of view. An average exam has around 5000 images
where 1000 are captured in the gastrointestinal tract entrece, 4000 in the
stomach, 30000 in the small bowel and 3000 in the large intes. The cap-
tured frames have three 8 bit color planes with a 25656 pixels resolution,
rendering a circular area of 240 pixels of diameter. The blagkea surround-
ing each rendered frame usually contains some further infoation, like the

exam's date and the patient's name (Figure 2.3).

Figure 2.3: A typical Wireless Capsule Endoscopy frame.

Each incoming frame can be visually classi ed according to éhcharacteris-
tics of the intestinal mucosa and other typical elements thamay be present
into the bowels, like bubbles, bleedings, residuals, ulsgretc. The physician
recognizes these events mainly using color and texture path, determining
the status of the intestinal mucosa. Figure 2.4 illustratesasnple images of
healthy regions and organic lesions of the gastrointestintiact. In particu-
lar, Figure 2.4(a) shows a detailed view of the normal mucosd the small
bowel. It is an intestinal region with uniform pink hue. Bleéing is de ned
as the ow of blood from a ruptured vein into the digestive trat. The visual
feature used to characterize this scenario may rely on thetémsity of the red
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Figure 2.4: Dierent examples of capsule endoscopy scenario(a) Normal
small bowel mucosa. (b) Bleeding. (c) Residual. (d) Intestal juices.

color component (Figure 2.4(b)). Instead, green color is ually related to
the presence of fecal materials (Figure 2.4(c)). In WCE, the gd visibility of
the internal tissue is sometimes obstructed by the intestal juices, which can
be visualized as a turbid liquid accompanied by bubbles or le#r elements
related to the ow of di erent gastric juices (Figure 2.4(d)).

It should be noticed that the gut is not motionless; the physiogical motion
peristalsis may reverse or incline the capsule recording ariety of orien-
tations of the scene. In addition, it is needed to consider &xnal factors
such as the lighting of the capsule which can sometimes fajsihe perceived
colors. The number of scenarios in which a certain event cam lpbecognized
is hence very impressive.

2.4 Manual annotation

Once the examination is nished, the patient delivers the da recorder con-
taining the images captured by the capsule. A workstation wht proprietary
software is used by the physician for the analysis of the vide This means
that the physician needs to view the full 50 thousand imag&sannotate all
the relevant ones, and create a nal medical report with thetsnmary of the
conducted investigation. The expert also includes all theiagnostic conclu-
sions and any checks to be performed for the monitoring of t&n diseases.

2The number of collected frames may range depending on which type of amination
is performed and the frame rate used by the capsule.
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Figure 2.5: Rapid Reader exam annotation software developéy Given
Imaging.

Performing correctly the analysis is di cult, requires trained sta and time
to perform the needed analysis.

Figure 2.5 shows a snapshot of the visualization tool providéy Given Imag-
ing: Rapid Reader. Two main motivations lead us to adopt thisoftware.
Considering that we have a dataset of images coming from Giveapsules,
the only way to handle this data is with the dedicated softwae. It can also
be downloaded for free directly from the manufacturer's st

The RAPID (Reporting And Processing ol mages and ata) software suite
enables e cient management of capsule endoscopy studiesrr initiation,
through review and analysis, to report generation. With solions for every
capsule endoscopy work ow, this software suite provides rtiple reading
modes, advanced analysis features that aid in image interpaéon, intuitive
report generation, convenient study management, and netwoconnectivity.
The physician can review the WCE video by using all the availde features
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and utility provided with the application software. Video images can be
viewed in single or mosaic format and with di erent frame ra¢s. This de-
pends on the experience of the physician; specialized usensd to display
multiple images at once while maintaining a higher readingdme rate.

The software also contains three important utilities:

The rstis a time bar that allows the doctor to understand the context
of a speci c intestinal image. This bar contains the averageolor of
the images to which it refers. In this way it is possible to trek the
movement of the capsule and its travel times through each irgénal
organ.

The doctor is facilitated in the preparation of the report bythe presence
of a comprehensivatlas. This provides side by side comparison of an
image in a case currently under review with atlas referencenages.

Rapid Reader software includes Suspected Blood Indicator (SBI)
designed to detect bleedings in the video. However, this tooa$ been
reported to have insu cient speci city and sensitivity. Thi s means
that it may display a high number of false positives but it is geful for
capture regions with active bleedings.

2.5 The digestive tract

In this section we give some useful information to the readabout the human
digestive system. This is done to better understand the clsiscation tasks
addressed in this work and how these di er according to di eant organs of
the intestinal tract. A simpli ed description of the human gastrointestinal
tract appears in Figure 2.6.

The digestive system, also known as the gastrointestinal (asystem , can
be seen as a long tube (about 4-7 meters) that passes throudte tbody,
starting at the mouth and ending at the anus. It is capable oflasorbing the
nutritional contents from the ingested food eliminating tle waste out of the
body. The function and the visual appearance of each di erésection of the
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Figure 2.6: A schematic illustration of the human Gl tract.

gut highly depends on the physiological task to which is parsidevoted. A
rst distinction is generally done between the upper Gl tratand the lower Gl
tract. The rst one is composed by the oral cavity (mouth and jparynx), the
esophagus, and the stomach. Typically, these portions ofdliligestive system
are viewed using standard probe-based endoscopic procedufBhe stomach
is a big bag covered with a thick mucosa membrane containingsgric juices.
In its relaxed state contains several longitudinal folds anih the pylorus,
the terminal region of the stomach, the diameter is about twoentimeters.
Automatically locating the pylorus is of great advantage beause it provides
the expert with the point at which food passes into the duodemn, the rst
part of the small intestine.
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Figure 2.7: The lower Gl tract.

The lower Gl section is hardly practicable as it is much long@and articulated;
it comprises the small intestine, large intestine, and anu§igure 2.7).

The small intestine presents three di erent areas: duodenunjgjunum and
ileum. The main duty of the duodenum is to continue the digegin done by
the stomach. The next part of the small intestine is called thgjunum, and
the third is called the ileum. Except by close internal histalgical inspection,
these two parts cannot be readily separated as they presensenilar visual
appearance: the intestinal walls are plain in the relaxatio state, but they
contract creating folds during the motility activity. The ileum has a paler
color, and tends to be of a smaller caliber as well. Togethehd jejunum
and the ileum contribute more than 15 feet to the small integal length.
The ileum ends by opening into the large intestine, or colonja the ileocecal
junction.

The last region of the intestinal tract is the large intestire which is about
150cm long and 6¢cm in diameter. It does not contain many folds as the small
intestine and the larger diameter makes the diagnosis di cli for capsules
designed for the small intestine.



Chapter 3
Literature review

The previous section has provided a description of WCE as a tewlogical
advancement in the area of diagnostic endoscopy. The increagy clini-
cal relevance is evidenced by di erent studies that compatbe examination
through the video-capsule with the traditional endoscopiprocedures. It is
quite clear that capsule endoscopy performs better than pugnteroscopy in
diagnosing patients with di cult gastrointestinal bleedings [5],[10]. It is also
commonly used in other clinical conditions, such as the detiion of Chron's
disease in the small bowel [11],[12], celiac disease [4]aléimowel polyposis
and tumors [13]. Sometimes is used to study the impact of drugs the gas-
trointestinal tract [14]. Moreover, children can bene t fom this technology
as well as adults [15].

The main issue is related to the nal report of the examinatio. A consid-
erable amount of time is required to view and interpret the may thousand
of images produced during the examination. This is a di cult aml tedious
task that requires a quali ed sta.

Since the vision is the main feature of an optical system sues the video
capsule endoscopy, Computer Vision techniques may help totamnatically
select and detect the salient information enclosed in WCE t@ Although
the research conducted on this new endoscopic technologgtidl in an intro-
ductory phase, a signi cant number of papers have already be published.
The application of Computer Vision in capsule image analysisac be di-

22
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vided in two categories. The rst considers the topographisegmentation

of a WCE video into meaningful parts such as mouth, esophaguspmach,

small intestine, and colon. Regarding the second categotlere are several
works which seek to identify clinically relevant video evéa. Some instances
include the automatic detection of bleedings, intestinalujce, intestinal con-

tractions, ulcers.

In this chapter we o er a brief survey of research related tohe classi cation

of images extracted from WCE videos.

3.1 Topographic segmentation

One of the main issue in wireless capsule imaging is the cieatof a map
of the data recorded by the capsule during the navigation tlugh the gut.
To this aim, topographic segmentation performs a segmentah of an endo-
scopic video into shorter videos, each one relative to a drent trait of the

gut. Some intestinal diseases may reside in a speci ¢ segmehtthe intes-
tine; each digestive organ thus requires a di erent level ofttention by the

clinical viewer. A comprehensive map of the examination ebkes a medical
expert to browse to a particular areas of interest, making #hanalysis of the
examination faster.

Most of the work found in literature tend to split the endoscof video into
four main sections (for a better understanding see Sectiorb

Entrance : Once it is activated, the capsule is outside the body for
no more than few seconds. Then, it is swallowed by the patieand it
quickly reaches the esophagus until the esogastric junati@eparating
this from the stomach. This subset of data is clinically irrfevant be-
cause the capsule travels very fast in these areas that canegdately
be observed using traditional probe-based endoscopic pedares. From
an Image Processing perspective, it is possible to nd imagavith sev-
eral color and texture variations: we can see the capsule eoyvoutside
world, teeth, tongue, etc.
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Stomach : This area begins in the esogastric junction and ends in the
pylorus. Although it is clinically relevant, it is dicultto nd relevant
events since the peristalsis may reverse or incline the cafgsdue to
the higher diameter of this tract. The images in this area arasually
light red and smooth. Finding the pylorus in the video can be dult
and time-consuming, even for an experienced viewer, as vikydhe
stomach tissue in the pyloric region and the tissue at the beming of
the intestine appear very similar.

Small Intestine : This is the region in which the capsule has the most
signi cant clinical impact. The small intestine is the longst region of
the gastrointestinal tract. This tubular section usually ©ntains semi-
digested foods, intestinal juices, enzymes. It is divideddim the colon
by the ileocecal valve. Annotating this boundary is even mordi -
cult because intestine and colon tissue are very similar arade often
contaminated with faecal residuals that occludes the camevgew.

Large Intestine : The last topographic section encountered by a WCE
begins in the ileocecal valve and normally ends when the capess
battery runs out. This area su ers from very low visibility due to the
high concentration of food and faecal material. It does notoatain
as many folds as the small intestine, but the larger diameteedds
the capsule to freely move making the diagnosis di cult for cpsules
designed for the small intestine.

The topographic segmentation task is roughly equivalent tthe search of
those boundaries in the video. Since 2001, a considerablentner of works
have been published regarding this task.

The authors in [16] propose a technique to perform the boundadetection
task based on color change pattern analysis. When a capsulevels around
a boundary between two di erent digestive organs, the corsponding color
signal has a sudden change. This methodology characterigas contractions
of WCE videos using energy function in a frequency domain. Thesegment
a WCE video into events by using a high frequency content fution. The de-
tected boundaries event indicate either entrance in the nextrgan or unusual
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events in the same organ, such as bleedings, intestinal gs; and unusual
capsule movements. It is hence possible that boundary evenhay contain
other smaller events representing something else. The aath classify these
events through a threshold-based correlation rule into high level events
that represent digestive organs. The experimental resultsdicate that a
high percentage (76%) of detecting correct boundaries everdnd a precision
of 51% have been achieved. The methodology manages to detéet inost of
stomach and duodenum, but the accuracy in the ileum and cecumvsrse.
A relevant series of papers performs an automatic gastrogstinal tissue dis-
crimination resulting in the segmentation of various intettnal organs [17,
18, 19, 20, 21, 22, 23]. In these papers, feature extractioropedure is per-
formed in the same way: the authors create a feature vectoring color
and texture information. To this aim, images are initially cowverted in HSI
color space. They derive a color features from Hue Saturati@hromaticity
histograms, compressed using a hybrid transform, incorgdmg the Dis-
crete Cosine Transform (DCT) and Principal Component Analyis (PCA) .
Because of the abrupt intensity changes in WCE images, thetémsity com-
ponent is removed to achieve intensity invariance and datdze reduction.
In [17] a second feature combining color and texture inforrtian is derived
using Local Binary Pattern (LBP). Having extracted feature \ectors, the
next stage involves classifying them as belonging to a spedigestive tract.
There are several classi ers which can perform this task. [[19] the system
is trained to detect mouth/esophagus and stomach, stomadmtestine, and
intestine/colon using k-nearest neighbor (KNN) and Support ¥ctor Machine
(SVM) classi ers. The work in [20] is similar to the previous pe; additional
regions have been discriminated both in stomach and intes&. Histograms
built using the entire image may contain visual contaminatn present in the
image. Some examples of such noise is the presence of bileyasdood re-
mains, air bubbles and so forth. In order to minimize the a ecof noise in the
image, the authors divide the WCE image into 28 sub-regionsnd process
only those regions where tissue is clearly visible. They de¥ ve parame-
ters for each of the sub-images (Mean Intensity, SaturatioprHue, Standard
Deviation of Intensity and Hue). Then, each sub-image is testl and it is
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discarded if exceeds the range of reference values for viguelear images of
stomach or intestine tissue.

Coimbra et al. [24, 25, 26, 27] deal with the task of topographsegmentation
by using a novel visual descriptor called MPEG-7 [28]. Thisednes a variety

of visual descriptors for multimedia content, including auib, speech, graph-
ics and their combination. In [24] the authors use this descript adapted

to the WCE specic scenario. The nal segmentation is baseditber on

Bayesian or SVM classi ers. In particular they trained four ¥Ms classi-
ers, one for each boundary (esogastric junction, pylorusleo-cecal valve),
determining thereby the belonging topographic section ofaeh frame. De-
spite good results have been achieved in [24, 25], the authetgygest to use
content features with context information [29]. Such new iwrmation may

include the approximated capsule spatial location insidene body with the

relative capsule velocity.

All these works disregard the computational cost to performhie segmenta-
tion. Notice that some capsules manufacturers [2] o er origal viewer to

physician providing real-time examination imagery. It is hece highly desir-
able that these computer-assisted tools can run on simplentatble hardware

that might be incorporated, for example, next to the portabé hard-drive car-
ried in the patient's belt during the procedure. To this aim,in a more recent
paper Coimbra et al. [30] show how a compressed domain colaiormation

can be used to perform topographic segmentation as well ag@ilithms using

fully decoded images saving about 20% of the computationalsto

3.2 Event detection

With the video segmentation into coherent intestinal sectias, the expert can
easily access to the images taken in a speci c intestinal th The next step
consists in automatically detect some typical intestinal@enarios in order to
reduce the analysis time by the expert to do a diagnosis. Ondysmall amount
of interesting images for diagnostic purposes are indeedually spread in
thousands of useless images. Notice that a higher amount ofs&apositives
than of false negatives is typically preferred for this kin@f applications. The
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presence of a high number of false positives result in more @mspent by the
expert to do a diagnosis. Losing a rightful event is a worse@&v because it
means to miss relevant information with the resulting inaaaracy in the nal
report.

3.2.1 Intestinal contractions

Dysfunctions of the intestinal motility are often related tocertain disorders
that may occur with di erent symptoms [31]. The analysis of mtestinal

contractions in the small intestine, in terms of number, frguency and distri-
bution, represents one of the methods with greater clinicaigni cance. An

intestinal contraction involves a sequence of frames in vahi the intestinal

lumen shrinks, tending to the maximum closure, and then expas again.
The typical appearance hence consists in a dark area surroi@a by the typ-

ical rays that muscular tone produces due to the folding of #hintestinal

wall. In [32] the authors propose a technique based on anisgpic image
Itering and e cient statistical classi cation of contrac tion features. The
procedure to detect the typical star-shape of a contractiors accomplished
in three steps. The skeleton of the wrinkle pattern is extraed. Then, it is

veri ed whether the point at which all the rays converge comsponds to the
closure of the intestinal lumen. Finally, a set of descriptorarere estimated
taking into account the radial organization of the wrinkle keleton around
the intestinal lumen. Classi cation is performed by using &SVM classi er

with radial basis function. The system reaches a sensitiyitof the order of
90.84% and a speci city of the order of 94.43% respectively.

3.2.2 Intestinal juices

In many images the information needed for a correct diagngss sometimes
obscured by intestinal elements, such as gastric juice, kulbs, residuals.
These intestinal elements are constituted by turbid liquids #h color ranging

from green to white. They often are visualized together witbubbles or other
artifacts related to the ux of di erent uids into the gut (Fi gure 3.1).

The authors in [33] point out the the most relevant feature othe intestinal
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Figure 3.1: Examples of endoscopic frames showing intestipzces.

uids is the presence of bubbles of dierent sizes and circulashapes. To
characterize these items they rely on the use of a Gabor Itebank of 16 units
with orientations 0 , 45, 90, 135 and standard deviations =1;2;4;8. By
using a threshold-based mechanism, they obtain a binary imgea in which
the intestinal uids are emphasized. Those images with deteed region of
bubbles greater than 50% of the useful visualization areaeaexcluded. It
can be observed that an overall reduction in visualizationrme about 23% is
achieved.

3.2.3 Bleeding detection

Bleeding in the digestive tract is often a symptom of some diases, rather
than a disease itself. The cause of bleeding may not be sesphut locating
the source of bleeding is critical. The Given proprietary $twvare provides an
automatic image analysis tool called Suspected Blood Indior (SBI), which
is devoted to nd in the video areas with active bleedings. Hoswer, this tool
has been reported to have insu cient sensitivity and specicity [34]; to be
safe, the physician must continue to manually check for bldmgs.

To overcome this problem, in [35] a technique to automaticglldetect the
bleedings regions using the expectation maximization (EMjlustering algo-
rithm and Bayesian information criterion (BIC) is proposed

When it is performed a visual inspection of gastrointestinainages, one of
the most salient feature indicating the presence of bleeding a deeply red
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appearance or the presence of dark red regions. Finding a redndnant
color in the gut is very common, but the red in non-bleeding régns usually
appear with lower color saturation. The authors in [36] expit this idea and
propose a two-steps bleedings detection algorithm. The trstep provides an
e cient block-based discrimination of the input frames that contain bleed-
ing features from those that do not correspond to bleeding. Ehsecond step
re nes the initial classi cation and increase its reliabiity using a pixel-based
saturation-luminance analysis. To make the classi catiomore complete, im-
ages are categorized into several levels of bleeding activt as non-bleeding.
A 4-level bleeding classi cation is applied: level O indicas non-bleeding and
level 3 indicates highly intensity bleeding. The system sesitivity achieved
is 88.3%.

Recently Li et al. [37] propose a method to detect either bldg and ulcer
by means of chromaticity moments, which make use of the Tchiehef poly-
nomials and the illumination inviariant provided by the HSI color space.
To reduce e ects of visual contaminations such as bubble, tdanaterial and
the dark regions that occur often in this kind of images, thewhors divide
the endoscopic frame into a grid of 36 non-overlapping blockalculating six
chromaticity moments for each one. The blocks are nally cksi ed using an
MLP (multilayer perceptron) Neural Network with 4-fold crossvalidation.

3.2.4 Anomaly detection

In this section we provide a brief overview of published workglated to the
detection of abnormal lesions in endoscopic images. In thisy, one of the
rst Image Processing studies was conducted by Boulougouetal. [38]. The
authors propose to use a feature vector composed by nine measu(stan-
dard deviation, variance, skew, kurtosis, entropy, energynverse di erent
moment, contrast and covariance) extracted from histograsnof six channels
(R,G,B,H,S,V). The implementation of an advanced neural netark scheme
and the concept of fusion of multiple classi ers dedicated tepeci ¢ feature
parameters have been adopted to classify the images as nororaabnormal.
The detection accuracy achieved by this system is 100%. Howevat the



CHAPTER 3. LITERATURE REVIEW 30

Figure 3.2: Examples of endoscopic frames showing ulcers.

time of this paper the system was evaluated using only 73 cas images,
which were split into the training set and the test set, and tbrefore it is
di cult to draw conclusions about its potential application in a diagnostic
station.

Li et al. [39] propose a new feature extraction scheme baseu the use of
curvelet transformation and LBP to discriminate ulcer regias from normal
regions (Figure 3.2). The traditional wavelets transform exracts directional
details capturing only horizontal, vertical and diagonal ativities in an im-
age, and these three directions cannot in general providecergh directional
information in images. To this aim, curvelet transform is emlpyed as a new
multi-resolution analysis tool. The basic idea is to represt a curve as a
superposition of functions of various lengths and widths olig a specic
scaling law. Taking into reference 2D images, this may be @ed by decom-
posing an image into wavelet sub-bands. Each sub-image ofigeg scale is
then analyzed with a ridgelet transformation, another typeof tool for multi-
resolution analysis. It should be known that capsule endagay images su er
from sudden changes in lighting due to the movement of the csyde and the
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limited range of illumination inside the digestive tube. Theauthors propose
to use LBP after they applied curvelet transformation to imges. In this way
they obtain robust performance to illumination variations By using uniform
LBP histogram, they obtain six statistical measurements ofhe histogram
as features of texture in order to reduce the number of feates. These fea-
tures are standard deviation, skew, kurtosis, entropy, engy and mean of
the histogram. To reduce e ects of visual contaminations sin as bubble,
faecal material and dark regions that occur often in capsukendoscopy im-
ages, they divide each frame into small patches extractingxtural features
from each one of them. To verify the performance of this feates extraction
scheme, the authors deploy MLP neural network and SVM to demstrate
their power in di erentiating normal regions and ulcer regbns in capsule
endoscopy images. The best results are obtained using the Riklassi er
and the YCDCr color space. With these parameters the system aebhes an
accuracy of 92.37%, a speci city of 91.46% and a sensitiviof 93.28%.
More recently, Bejakovic et al [40] present a method that usecolor, texture
and edge features to detect lesions (in particular Chron'sskase) in capsule
endoscopy images. They use MPEG-7 visual descriptors and Hala tex-
ture features. This includes MATLAB adaptation of dominant olor (DCD),
homogeneous texture (HTD) and edge histogram (EHD). Haralicle&tures
include angular moments, contrast, correlation, and entpy measures, which
are computed from 1 pixel co-occurrence matrix. They used SVid classify
images into three categories: lesion, normal tissue, andtr@aeous matter
(food, bile, stool, air bubbles, etc). The dataset used to elmte their sys-
tem is composed by images selected from ten studies. For eathdy only
10% of the data was used to train the classi er; the remainindata was used
for validation. Over the ten studies, lesions could be detexl with an accu-
racy rate of 96.5%, normal tissues 87.5% and extraneous n&t87.3% using
dominant color information alone.

Finally, Li et al. [41] develop a computer aided system to diagpse small
bowel tumors. They propose a new textural feature built by usg wavelet
and LBP. Notice that tumors exhibit great variations in color, size and shape,
so a single classi er may not be discriminative enough to mala right decision
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about status of these di cult images. To this aim, the systemis evaluated
using an integration of KNN, MLP neural network and Support Vetor Ma-
chine. The database used for the classi cation consists of(6@epresentative
small bowel tumor images and 600 normal images previoushp&ed by the
physician. Comparative experimental results show that tisischeme achieves
a promising performance for small bowel tumor detection.



Chapter 4
Information Theoretic Method

Information Theory aims to identify the theoretical conceps for the study of
problems related to the transmission, reception, procesgiand storing infor-
mation. Although at rst sight it seems to be a very speci ¢ appication, this
theory has important implications (and applications) in maryy areas. Infor-
mation Theory is usually dates back to 1948, when Claude Shan published
\A mathematical Theory of Communication” in which he introduced for the
rst time a systematic study about information and communicaton. He
also formulated the key concepts of the theory, such as enpyoand mutual
information and introduced the fundamental laws of data copression and
transmission. Entropy is a measure that quantizes the inforation contained
in a random process. Mutual information is a measure of the formation
contained in one process about another process. However, i8fan's entropy
is relative to some probability distribution generating dé. In many cases
such a distribution is unknown or does not even exists. To thigim, Kol-
mogorov complexity has been connected with Information Tloey and proved
to be closely related to Shannon's entropy rate of an inforrtian source. In
both theories, the amount of information in an object may be @ned as a
function of the length of the object's description. In the SAnnon approach,
however, the method of encoding objects is based on the prggasition that
the objects to be encoded are outcomes of a known random sourtes only
the characteristics of that random source that determine # encoding, not

33
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the characteristics of the objects that are its outcomes. Ithe Kolmogorov
complexity approach we consider the individual objects tmaselves and the
encoding of an object is a short computer program (compresgseersion of
the object) that generates it and then halts [42]. Kolmogoroeomplexity is
a measure that answers the question: how random is an indiviaubit string
or message? Complexity is in this case intended to de ne the aomt of
information contained in a particular message in terms of theumber of bits
necessary to describe it. More random objects would requireore bits to de-
scribe them, so the Kolmogorov complexity is also a measurehafw random
a particular message is. In contrast, the Shannon entropy & answer to
the question: how random is an entire distribution of messag@verall? En-
tropy measures the expected amount of information containgd any given
message within that distribution.

In this chapter, some basic notions of Information Theory ah Algorithmic
Information Theory describing an absolute information-theretic distance be-
tween bit strings are presented.

4.1 Entropy

Given a generic evenkE, how can we de ne the informative content of this
event? Shannon starts from the consideration that the obsesr should have
some ideas of the probability that such an event occurs. The fia idea is that
the information has to deal with uncertainty: more the obserer is surprised
to see a symbol, the more the level of informative content wibe high (and
viceversa). Suppose we have a set of possible events \aipriori distribution
probability of occurrenceP = (p1;p2; i pv)- To numerically estimate how
much information is gained on average or the degree of uncentg with a
given function H (P), the following basic properties must be guaranteed:

The function must exist, i.e., it must be possible to assodm a link
between the numerical uncertainty of a probability distrilution and
the real numbers.
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H (ps; 35 py) IS continuous inpg; i py - This means that to small vari-
ations of P correspond small variations oH .

If all the p; are equal,p; = Ni then H should be a monotonic increasing
function of N. In other words, as the number of events increases, if
they are equally probable, the associated uncertainty alsncreases.

H must guarantee the additive property: if a event is splittednto two
successive events, the origindl should be the weighted sum of the
individual values ofH. A clarifying example of this property is shown
in the gure 4.1.

Eq

Figure 4.1: Grouping property of the entropy.

We can think of P = (1;2; 1) as being generated in two successive
choicesp® = (1;3) and p®= (£;3). Thus, the entropy of P must be
equal to entropy of the rst step in the decomposition proces plus the

weighted sum of the entropies of the second step:

11 11 1. .21
P - )+ = o
39T G MG,

HGis

) (4.1)

NI

The coe cient % in the entropy of the second step means that the

second choice only occurs half the time.

The only H satisfying the four above assumptions is of the form

X
H=1K pilogp (4.2)

i=1
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Figure 4.2: Entropy of a binary source.

where K is a positive constant. We interpret dog0 as equal to 0, which
follows logically from lim,, ¢xlogx = 0. When K =1 and the logarithm is

log, information is measured inbits. If the probability distribution has only

two entries with probability p and 1! p respectively, entropy will be equal
to

The graph of the functionHy,, is shown in Figure 4.2. It is a concave function
with null values for p = 0 and p = 1; this occurs when the variable is
not random and there is not uncertainty. Similarly, with the value p = %
uncertainty is maximum.

Some other relevant properties of the entropy are:

H is symmetrical with respect to the probability vectorP from which
it depends, in the sense that if it is performed a permutatiorf the
elements on the vectoiP, entropy does not change.

H(P) =0 if and only if all the probabilities except one are zero.

H(P) = log n when all the probabilities are equal. This is the case in
which the informative content is maximum.

It is worth mentioning that, in Information Theory, the concept of entropy
is closely linked to that of compression. If the content of a nssage (for
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example a simple string) is uncorrelated with each other, #re is no way to
compress the message without losing information and thistise case where
entropy is maximum. Conversely, if some parts of a message dogically
related to other, the resulting entropy will be smaller and eansequently the
message can be compressed without loss of information. Timrepy of a set
of data is hence directly related to the amount of informatio that it contains
and provides a theoretical bound on the amount of compressithat can be
achieved [43].

4.2 Kolmogorov complexity

One of the most di cult and representative problem in Compuer Science is
represented by the problem of Complexity, i.e., the measudd the computa-
tional resources required to perform a computation. There artwo di erent
categories of complexity:

Static complexity, related with the structure of the progran and its
size.

Dynamic or computational complexity, typically divided in time com-
plexity and space complexity.

In the context of static complexity, the Kolmogorov complexy, indepen-
dently introduced by R.J. Solomono in 1964 [44], by A.N. Kolmogrov in
1965 [45] and by G.J. Chaitin in 1966 [46] is very relevant to thaevelopment
of an Information Theory based on the length of the codes.

Kolmogorov complexity (or algorithmic entropy) of a stringx, de ned as
K (x), is the length I(p) of the shortest programp that runs on a universal
computing device (a Universal Turing Machine ) and produces the string
X as output. Intuitively, it represents the minimum amount of information
required to generate the stringx from some e ective process. For example,
the string consisting ofn equals symbols is extremely simple, since the short-
est program that generates it has only to printn times the same symbol.
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Mathematically, the Kolmogorov Complexity is de ned as folbws [47]:

K(X)= min [I(p) (4.4)
fpi' ()= xg

Intuitively, the above equation describes a competitive settion of the short-
est program, denotedp , from an unbounded set of competing programs
fpo; p1; :::g, each one capable of producing the desired output The un-
limited nature of this competition ensures that the winningmodel can be
more e cient to nd all the structural regularities in the sp eci ¢ string. Un-
fortunately, this also implies the lack of a guarantee that tls competition
always produces a result. Despite the great interest shown ihe scienti ¢
community, actual results about the Kolmogorov complexityhave not been
achieved. The di culty is related to the impossibility to evaluate the function
K for a given string X, because it is not Turing computable. The uncom-
putability of Kolmogorov complexity has motivated severaluthors to seek
useful approximations. A very good reference is the clas$\Gtany trilogy"
[48, 49, 50] in which practical approaches for approximatinfge Kolmogorov
complexity and the related notion of Algorithmic Information Distance using
compression algorithms are presented.

4.3 Algorithmic Information Distance

While the Kolmogorov complexity is a measure of the informatin contained
in a individual object, a similar concept for the informatia distance between
two individual objects is required. In this section we conder the problem
of the de nition of a distance D between two generic stringk and y. This

distance measure must satisfy the following requirements:

Positivity: D(x;y) 0 (D(x;y)=0% x=1y)
Simmetry: D(x;y) = D(y;Xx)

Triangle inequality: D(x;z) D(x;y)+ D(y;2)
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Intuitively, it is possible to calculate the similarity between two stringsx
and y as the length of the shortest program that computes from y and
viceversa. Bennett et al. [48] de nes this measure, denotédx; y) as:

E(xy) = maxfK (xjy); K (yjx)g (4.5)

whereK (xjy) is the conditional Kolmogorov complexity of a stringx related
to string y de ned as the length of the shortest program to compute if string

y is provided to the universal computer as an auxiliary input. 8metimes
the distance analysis requires a normalized metric. This negement can be
satis ed by the universal similarity metric de ned by Li et al. [50], known
asNID (Normalized Information Distance) and mathematically repesented
by the following formula:

maxf K (xjy); K (yjx)g

NID (xy) = maxf K (x); K (y)g

(4.6)

NID is an universal distance measure for objects of all kinds. i also based
on Kolmogorov complexity and thus uncomputable, but in the Many trilogy
[48, 49, 50], the authors propose a way to approximate it. Cagoression
algorithms can be used to approximate the Kolmogorov compigy if the
objects have a string representation. LeC(x) the size of the compressed
version of the stringx and C(x;y) the size of the compressed version of the
concatenation ofx andy. We can rewrite theNID to obtain the Normalized
Compression Distance (NCD) :

C(x;y) ! min(C(x); C(y)) (4.7)

NCD(x;y) = max(C(x); C(y))

Standard Compression algorithms likeip, gzip, bzip2 are able to recognize
the regularities in the data and theNCD measure exploits these abilities.
Intuitively, strings with similar schemes take up less spa&cwhen they are
compressed together rather than separately compressed. efé are not pa-
rameters needed to compute th&lCD, except for the choice of the com-
pression algorithm and its settings. Research conductedin Vitany et al.
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shows that the choice of the compression algorithm has a nigdlle impact
in the nal analysis. This is facilitated by the use of a masse data nor-
malization in order to minimize the di erences iInNCD scores calculated
with di erent compression algorithms. NCD is a non-negative number in
the range 0 r 1+ representing the dierence between two strings.
Obviously, smaller numbers represent greater similarityThe value in the
upper limit arises from imperfection in the compression algthms, and it is
typically less than Q1. The calculation of theNCD does not requires any
prior knowledge about the data. The dimensions of the two strgs do not
necessarily have to be the same. Moreover, in most cases, ribgults will be
better when the strings are of di erent lengths.

Although it is not possible to compute how close th&lCD is from the ideal
NID for a pair of bit strings, NCD has reached interesting results. In Cili-
brasi et al. [49], it was used to correctly classify data in eas as diverse as
genomics, virology, languages, literature, music, handwién digits, astron-
omy, and combinations of objects from completely di erent dmains.



Chapter 5
Ensemble Learning

Supervised learning algorithms search, through a hypothssspace, a good
model that will make good predictions for a particular prol#m. Even if the
hypothesis space contains features that are very well-seit for a particular
problem, it may be very di cult to nd a good one. Not all featur es can in-
deed discriminate in the same way. Depending on the problerrse of them
may show an e ective discriminative power, whereas otherdeures may not
have such power at all. To this aim, Ensemble Learning [51] was pased
as a machine learning approach where multiple learners amined to solve
the same problem. In contrast to standard learning approaels which try to
build one learner from training data, ensemble methods tryotconstruct a set
of base learners and combine them to improve the results. Balearners are
usually generated from training data by means of a base leamg algorithm
which can be a decision tree, a neural network or other kind$ machine
learning algorithms.

Many authors have experimentally demonstrated signi canperformance im-
provements through the use of ensemble methods [52, 53, 54]o8ng is one
of the most in uential ensemble methods. Its foundation wascite from the
answer to a theoretical question posed by Kearns and Valianbaut \Prob-
ably Approximately Correct - PAC" learning model [55, 56]. Tley were the
rst to pose the question of whether a weak learner, which pfrms just
slightly better than random guessing in the \PAC" model, carbe \boosted"

41
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into a more accurate strong classi er. Shapire [57] found # the answer
to this question is positive, and he gave a proof which is enskd in the
rst Boosting algorithm. An important drawback of that algori thm is the
requirement that the error bound of the base learners must benown ahead
of time, which is usually di cult to achieve. Freund and Schapre [58] then
proposed an adaptive Boosting algorithm, called AdaBoost,hich does not
require this unavailable information.

In the remainder of this chapter we provide a brief introdugon to AdaBoost
and an illustration of how this algorithm can be adapted to beised in a real
application such as the face detection problem.

5.1 AdaBoost

There are many Boosting algorithms. They usually di er depeding on
their method of weighting training data points and hypothess. AdaBoost
(Ada ptive Boosting), is the most popular Boosting algorithm, which was
introduced by Freund and Schapire in 1995 [58]. AdaBoost ma#ins a
weighted distribution over the training data and adjusts itat each Boosting
round. In particular, higher weights are associated to exgpfes classi ed
with a lower accuracy by the current weak classi er. As a main ect, this
weighting scheme forces to focus learning on most di cult emples of train-
ing data.

Pseudo-code for AdaBoost is reported in Figure 5.1. The algimin main-
tains a set of weights over them training examples. AdaBoost operates
for T Boosting iteration. On each one, a distributionD, is computed by
normalizing the current weights. This distribution is thenforwarded to the
weak learner which generates a hypothedis. Based on the errors committed
by this hypothesis, a new weighted distributionD'*! is generated and the
process is repeatedl weighted training sets are generated in sequence and
T classi ers are built. A nal strong classi er is obtained usng a weighted
voting scheme: the weight of each classi er depends on itsrfigmance on
the training set used to build it.

At each Boosting round the parameter ; measures the importance that is
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Given: (z1,41)y..., (Zm, ym ) where z: € X, 5 € ¥V = {1, +1}
Initialize D, (i) = 1/m.
Fort=1,..., T

& Train weak learner using distribution L.
¢ Get weak hypothesis iy : X —+ {=1, +1} with error

e = Priup, [l lz;) # i)

; 1 — &
e Choose oy = 71In ( (').

&

* Update:

D) [ ithm) =
D) = " { el ifh_. (z:) # ej
D, (i) exp(—oyy: by (;))
7

where Z; is a normalization factor (chosen so that I, will be a distribution).

Output the final hypothesis:

.
H{z) = sign (Z ove iy (e)) .
Figure 5.1: AdaBoost pseudo-code.

assigned to the classi eth;. The relationship between error and ; can be
described as follows:
=l
2 t

It means that ; O if % Then, . gets larger as; gets smaller. In
other words, if the current classi er is trained for a featue which maintains

¢ greater than Q5 (like the random guessing), then the feature is a good
choice in the weak learning algorithm.
Many articles have shown that AdaBoost is often immune from @v tting
problem even when a complex hypothesis space is involvea.,iwhenT
grows. It has also been observed a decrease in the generadinaerror even

when the training error has already reached zero [59, 60].

(5.1)
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5.1.1 Real application

Boosting has already been applied in di erent applicationsuch as text cat-
egorization, data mining, object recognition, computerided medical diag-
nosis, and so on. Relevant for the present work is the conttbion of Viola

and Jones [61], in which the authors propose to use AdaBoost dained with

a cascade of strong classi ers for object detection. The ValUones object
detection framework provides a real-time detection rate. #&tough it can

be trained to detect a variety of object classes, it was moated primar-

ily by the problem of face detection. This algorithm consist of three main
parts, i.e., integral image calculation, feature de nitionand extraction, and

classi cation through a cascade of strong classi ers.

Feature extraction

Features used by Viola-Jones are reminiscent of Haar basis ftiaos which
have been used by Papageorgiou et al. [62]. The main motivatifor the use
of these features is that they allow to be easily adapted tocegnize di erent
types of objects. Within the face detection context, the autbrs propose
three kinds of Haar-features (Figure 5.2).

5 Rl = | | N
1

€Y (b)

Figure 5.2: (a) Haar features proposed by Viola-Jones. (b) Two lewant
features used for face detection. They rely on the intensityontrast between
adjacent rectangular areas of the image.
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The value of a two-rectangle feature is the di erence betwaethe sum of
the pixel values within two rectangular regions. The regi@have the same
size and shape and are horizontally or vertically adjacenf three-rectangle
feature computes the sum within two outside rectangles sulaicted from
the sum in a center rectangle. Finally a four-rectangle feate computes
the di erence between diagonal pairs of rectangles. As can lseen from
Figure 5.2(b), a simple two-rectangle feature is very e ciento measure the
di erence in intensity between the region of the eyes and theegion across
the upper cheeks. Similarly, a three-rectangle feature maelp to nd the
region between the nose and the eyes.

Integral image

Rectangular Haar features used by Viola and Jones can e cientlpe com-
puted using an intermediate representation called integramage (also known
as a summed-area table [63]). Consider a two-dimensionahgitone image
i. The integral image, denotedi (x;y), at location (x;y) contains the sum of
the pixel value above and to the left of X; y), including x and y,

icy)= . iCy) (5.2)

where i(x;y) is the input image. The integral image can be computed in
linear time over the image using the following recurrence legion:

s(x;y) = s(x;y! 1)+ i(xy) (5.3)

ii(qy)=ii(x! Ly)+ s(x;y) (5.4)

where s(x;y) is the cumulative row sum,s(x;! 1) = 0, and ii(! 1;y) =

0. Given the integral image, the sum of pixel values within aectangular
area of the image can be computed with four array referencesgardless
of the size and location of that area. For example, to computhe sum
of pixel intensities inside the regiorD in Figure 5.3(b), the following four
references are requiredL, + L;! (L, + L3). One needs to compute the
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Figure 5.3: Integral image representation. (a) The value of ¢hintegral image
at point (x;y) is the sum of all the pixels above and to the left ofx( y). (b)
The region D can be computed using the following four array references:
La+Ly! (Lo+ L3).

integral image only once, and then one can calculate in a vegycient way
the pixel sum in any rectangular image region. Since the Viollenes two-
rectangle features involve adjacent rectangular sums, the€an be computed
in six array references, eight in the case of the three-reogle features, and
nine for four-rectangle features. Figure 5.4 shows an exampkcomputation
of a simple two-rectangle feature.

8 | 2 | T 16| 16 | 15 8 9 11 12 19 35 | 66

9 3010 4 01515 14 17 21 33 107 | 156
1 (1519 8 8 b 9 |12 18| 37 172 | 213
9110 8 ba) i 15| 7 11 L 236 | 288
6 |10 8 | 5|5 | 4|13 13 35 T2 207 | 362
m|9|14| 8 6 9 9 |13 44 | 92 363 | 441
A 18| 9 [15) % (10 7 |11 49 | 115 | 185 | 234 | 204 | 3568 | 434 | 523
1211616151411 8 |15 G | 1453 | 229 | 203 | 347 | 442 | 526 | 630

() (b)

Figure 5.4: Evaluation of a simple two-rectangle feature. JaA reference
matrix and its integral image representation (b). The lightgray rectangle
refers to the white region of the feature. To compute featurecore six refer-
ences from integral image are requiredV. = 187 +21! 38! 92 =78 and
B =294+38! 76! 187 =69. Feature scor&s = W! B =09.
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Cascade of strong classi ers

Features scores are calculated from sub-windows of refererimages. The
training module considers images rescaled to a base resantiof 24 24

pixels. Each of the proposed features types are scaled andftseld across all
possible combination along an image. This give rise to an oegemplete set
of features. Application of AdaBoost provides a list of best disiminative

features. In particular, Viola and Jones build a binary clasgr for each

feature (these are traditionally referred in the boosting camunity as weak
classi ers). Initially all the examples have the same weightFor each boost-
ing step, the determination of a new weak classi er involvethe evaluation

of the relevance of each feature on training data. The bestteire is selected
according to the weighted error that each feature shows ondttraining data.

In the successive round, the samples are reweighted to emphagshe mis-
classi ed ones. Since this step has to be iterated severaings, this is the
most expensive section of the training module.

The nal step involves the construction of a cascade of strgnclassi ers.

The idea is that simpler classi ers are used at the beginningteps and more
complex classi ers are applied at the later steps to reducée false positive
rates. Each node of the cascade is a classi er built througthe AdaBoost
procedure to satisfy a speci c detection and false positivate. A 24 24

patch is forwarded to the rst node of the cascade. If it is judgd as a pos-
itive example, it is sent to a more complex classi er. A patchs labelled
as a face if it successfully overcomes each node of the cascafl negative
outcome at any point give rise to the immediate rejection of # sub-window
without further processing. In practice, in a single imagethe majority of

sub-windows refer to not-face objects. A cascade of strongssi ers rejects
most of the negative examples in the initial stages and it witontinue to test

only in the promising sub-windows.
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Figure 5.5: Cascade of strong classi ers. A sub-window is gabted to the

classi cation of the rst node of the cascade. If it is labelé as a positive
example by the current classi er, it is forwarded to a seconcthore complex
classi er. A sub-window is labeled as a face if it successfutbvercomes each
node of the cascade. A negative outcome at any point of the case leads
to the immediate rejection of the sub-window without furthe processing.



Chapter 6
Experiments

In this chapter we provide all the results obtained applyinghe methods
that have been described previously. In particular, Secitn6.2 reports ex-
periments published in [64], Section 6.3 refers to [65, 6&ection 6.4 refers
to [67].

6.1 Dataset

This research has been conducted in collaboration with a gnowf gastroen-
terologists from \Maddalena Raimondi" hospital in San Catado (Caltanis-

setta, Sicily). They have provided us the WCE data collectechithe period

between 2005 and 2010. Each video has been decomposed intovichaal

frames and these have been manually labeled by the expert ating to a

speci ¢ detection task. A typical frame coming from the vide-capsule con-
tains a black border in which the information of the patient ad the exam
are annotated. For all the conducted experiments, we resttithe region of
interest within the circular area of the video, hence for eacframe only a
sub-image is considered (Figure 6.1).

49
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Figure 6.1: Preprocessing of WCE data. Original image (a) artde extracted
region of interest (b).

6.2 Information Theory based WCE video sum-
marization

In this experiment an algorithmic information-theoretic nethod is presented
for the automatic summarization of meaningful changes in ve sequences
extracted from WCE videos. To segment a WCE video into anatoim parts
(esophagus, stomach, small intestine, colon), we use a texsebased method
[68, 69, 70]. The local textons histogram sequence is usedifoage repre-
sentation and the Normalized Compression Distance (NCD) [#& used to
compute the similarity between images.

6.2.1 Feature extraction

In this phase of processing we take into account thdS| representation of
data. Each frame is also partitioned into sub-squares of 1616 pixels. For
each one of these square sub-windows we extract the featufesthe next

automatic classi cation. A visual analysis by the clinicianis mainly based on
a direct examination of the chrominance values of the frames.oThis aim,

we choose to include the average values of the hue, saturatiand intensity

of each of the blocks of a frame. These features, although infative, are

not su cient to e ectively classify the frames and they shoud be combined
with more information.

As pointed out in Section 3.1, when a capsule travels around aundary
between two di erent digestive organs, the correspondingtor signal has a
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sudden change and an increase (or a decrease) of energy. g teason,
we include the high frequency energy content (HFC) of blocksreng the

features used by the classi er.

Finally, we choose a Gabor Iter bank in order to characterizéhe texture

information. In particular, we consider the following paraneters set:phase

0;2; 4; 8; 16,32 and four directions: 0;45 ;90 ;135.

All the mentioned features have been chosen in order to obtaargood balance
between recall and precision of the resulting classi er.

6.2.2 Classi cation method

Each 16 16 patch is described by a feature vector of 28 components= in
formation on color chrominance fromHSI color space (3 elements)HFC
(1 element) and Gabor Iter responses (24 elements). In ordé achieve a
more abstract representation we put together the vectors oflof the 16 16
blocks of the frames in the video. The next step involves theeation of a
\bag of visual words" from this ensemble. To this purpose, wese a textons-
based method [68]. Feature vectors are initially clusteradto Textons using
a standard K-Means algorithm [71]. The number of clusters ishaosen to
optimize the ratio of dispersion between cluster centroidsver the dispersion
within clusters (Figure 6.2). We empirically found that a suiable value for
the number of clusters in our experiments is 100. By assodia to each
patch its reference centroid, thisTextons dictionary allow us to represent
an image as a \bag of visual words". The histogram ofextons i.e., the
frequency with which each texton occurs in an image, repregs the model
corresponding to each training image. Figure 6.3 summariz#ss process.
Comparison between histograms provides a way to assign atdiece between
consecutive frames in a video. Relevant for this work is the caifiution of
Gallo et al. [72] in which the Bhattacharya distance [73] bateen the cor-
responding histograms of the frames is computed. Bhattachyar distance
d(fi;f;) of a simple pair of consecutive framefs and f; is generally a weak
indicator of changes in the video. This happens because odonally a frame
can be quite di erent from the previous one just because of saal distur-
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Figure 6.2: A schematic illustration of theTextons method. Every image of
the training set is convolved with a Iter bank. Filter resporses are clustered
using K- Means algorithm to build aTextons dictionary.

bances and transmission noise. To have a more robust indicatf sudden
changes in the video, for each framig, an indicator function C(i) is de ned
to average the distances between frames in a short sequence:
_ 1 %2
C() = 9 d(fi;fi+j) (6.1)
k=ij=3
The original contribution of this experiment is the use of amnformation the-
oretic approach to summarize meaningful changes in WCE imagequences.
In our experiments we testedNCD distance adopting several compression
algorithm (dzip, gzip, etc.) instead of using the Bhattacheya distance, as
it has been proposed in [72]. Although these compression aijans are
supposed to grant a good performance because of their abilityexploit the
sequential redundancies in the data, their usage is costly. efound that,
for the problem at hand, the gain obtained in this way is not revant and
for this reason we introduced a simpli ed (although rough) wesion of NCD
based on Shannon's Entropy:

E(ay)! min(E(X); E()
max(E (x): E (y)) (62)

NCD entropy (X; y) =
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Figure 6.3: Representation of frames as a \bag of visual wordsEach frame
is represented by mean of the histograms over the resultifigextons dictio-
nary.

where E (x) is the Shannon's entropy for the stringx and E(x;y) is the en-
tropy of the concatenation of the stringx andy. In the application considered
herex is the string obtained concatenating the \symbols" made wit the tex-
ton dictionary. In other words a frame from a WCE video is repsented here
as a sequence of visual words. Following a common practice ian@dputer Vi-
sion, we disregard the sequential order of the words and regent a frame as
a \bag of visual words". This observation justify the substiution of a com-
pression algorithm with the much less expensive use of Shanisoentropy.
The use of entropy in place of Kolmogorov complexity to calcate the NCD
is not novel even in image domain, see for example [74, 75]. SBtve that
if sequentiality is disregarded, the entropy of the string fovisual words ob-
tained concatenating the representation of two frames is ¢hentropy relative
to the averaged histogram of the visual words frequenciestino frames.

For the WCE application, however, it makes sense to bias thei drence
between frames not only considering the visual di erencesubtaking into
account the proximity of the frames within the video. To thisaim, a new
similarity distance SIM is introduced as follows:

SIM(GY)=  NCDemopy (6¥)+  Ji0O! i(y)]  (6.3)
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i(x) and i(y) represent the index of two frames in the video sequence and
+ = 1. In this experiments the best result have been obtained wit
=0:8 and =0:2. Following the approach in [72], for each framg, the

expression 6.1 can be written as:

L 1X2%
Scorgi) = = SIM (fi;fi+j) (6.4)
k=ij=3

Scorgi) averages the distances between frames in a short sequencd &

provides high values when there is an abrupt change or low vaLi@ segments

with similar frames. Thresholding the functionScorgi) will lead to select
interval of frames in which there is a sudden change in patter

6.2.3 Experimental results

In this section a number of experiments are undertaken in aakproblem
domain to demonstrate the e cacy of the proposed method. Inur exper-
iments we use ten video sequences provided by the \MaddaleRaimondi"
Hospital. We use the labelling protocol explained in [76]. Leffi:::fy) be
the sequence of frames in a video. We have formed the sequesfaatervals
(I ¥) where interval I; is made of the six framesf(- 2:::f 543) (Figure
6.4).

In our setting an event includes every change in pattern in ahert video

...........
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-,
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Figure 6.4: The computation of functionScorei). Equation 6.4 is de ned
to average the similarity distances between frames in a sha@équence.



CHAPTER 6. EXPERIMENTS 55

sequence like a boundary transition, a pathology or a commalisturbance
like intestinal juices, residuals, bubbles, etc. For eaclmterval the clinician
has judged if there is a signi cative change between the rsB frames with
respect to the last 3 frames. If this is the case the intervalas been labelled
as an \event" (Figure 6.5). To grant greater robustness the lzelling has been
performed independently by two human experts. Only those t@rvals that
both of them have labelled \event" are considered real event the following
experiments. The two independent labelling agree on 93% dfet cases.
Intervals |; of each video have been sorted according to the decreasinfyea
of their Scorg(i) indicator. We have hence partitioned the sorted;'s into
ten groups of the same size. The rst group contains the inteals with the
top 10% of Scordi), the last group contains the interval with the lowest
10% of Scordi). For each group we have counted the number of intervals
labelled as event. In this experimental session two expettave labelled the
sequences and the resulting ensemble has been given by tliwiersection.
The bar plot of Figure 6.6 shows the average percent of intesathat have
been labelled as event vs the intervals that have been lalegllas not-event in
the ten groups. The use of precision-recall analysis is intigated in Figure
6.14. As the ROC curve shows the discrimination obtained ugrnthe pro-
posed method is comparable with the results in [72]. The slidghtless robust
discrimination shown by the novel method is justi ed by the poposed usage
of NCDenwopy instead of classicaNCD. This loss in discrimination power

NEN NN
@)
N BE

(b)

Figure 6.5: Two examples of sequences of consecutive framBse row (a)
represents an event. The row (b) is relative to an homogenetract.
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Bevent

Onot event

Figure 6.6: Percentage of events and not-events in a WCE videlotervals of
six consecutive frames have been sorted according to the m@sing value of
their Scordi) indicator and partitioned in ten group of the same size. The
rst group (the rst column in the graph) contains the interv als with the top
10% ofScordi), the last group (the last column in the graph) contains the
interval with the lowest 10% ofScorgi).

is however justi ed by the greater e ciency that the usage ofNCD enpopy
provides with respect toNCD. We also compare the results obtained with
the formula of NCD envopy (Equation 6.2), the modi ed version that uses the
concept of entropy, andNCD  (Equation 6.3). Results are shown in Table
6.1.

Some examples of events detected with the proposed metho@ aeported
in Figure 6.8. The rst row corresponds to an event found in therst 10%
until the last row corresponds to an event found in the sixthnterval.

—/0$1$#0$!.$&
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Figure 6.7: Two ROC curves compare the performance of testecethods.
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Table 6.1: Summary of experimental results.

top 20% 72% 71%
top 20% 68% 66%
top 30% 85% 86%
top 30% 53% 54%
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Figure 6.8: Examples of events found with the proposed method

6.2.4 Conclusion

In this experiment we have presented an algorithmic infornti@n-theoretic
method applied to nd sudden changes in WCE video sequencedle used
a modi ed formula NCD to compute the distance between the histograms
obtained with the Textons approach explained in [76]. Experimental results
have been shown that using the entropy, in combination withvio parameters

and , we reach a recall of 90% with a precision of 52% discardingetB0%
of the video. Future works will extend the usage of NCD-like dignce since
the early stage ofTextons dictionary construction.
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6.3 Lumen Detection in Endoscopic Images:
A Boosting Classi cation Approach

In this experiment we present a novel method to automaticalldiscriminate
a relevant subclass of frames. In particular, our classi esorts the frames in
two categories: \lumen frames" (images depicting the stages an intestinal
contraction where the shrinkage of lumen intestine is wellisible) and \not
lumen frames" (Figure 6.9).

Figure 6.9: Examples ofumen (a) and not lumen (b) frames extracted from
a WCE video.

\Lumen frames" detection is clinically relevant because @nnounces the pres-
ence of a contraction and helps the physician to study the irg&énal motility.
Alteration of the physiological intestinal motility is an indicator of disorders
in which the gut has lost its ability because of endogenous @xogenous
causes. In particular, anomalies in contraction are a commaymptom of ir-
ritable bowel syndrome, delayed gastric emptying, cyclicwmiting syndrome,
and so on.
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Our summarization tool may be deployed in a diagnostic stain providing
real-time useful shortcuts to the middle phases of an intasal contraction
resulting in reduced time of analysis by the expert.

In our approach \lumen frames" detection is obtained as a spml case of
object detection. To this aim, we choose the Viola and Jones paligm
introduced in 2001 [77]. Although other techniques, like neak networks,
fuzzy rules systems, etc., could be deployed, the main matton for our
choice has been the following. Haar features based classiicat is readily
customizable to recognize di erent kinds of objects. Moreer, Boosting al-
lows fast learning even in presence of high dimensionalitptd. Indeed in the
case of Boosting as for all ensemble learning methods, diestt classi ers are
built using a tiny part of the available features. The classtation obtained
by combining the responses of di erent classi ers improvehe performance
achieved by a standard classi cation algorithm in a straighbrward, e cient,
principled way when adaptive Boosting is adopted.

In this chapter we describe in detail how the Viola-Jones tecique is cus-
tomized to address the present detection problem. We repdtte experiment
conducted on real WCE videos. To better assess the accuradytloe pro-
posed boosted classi er, we also present an experimentahymarison with
the results obtained with a Support Vector Machine using a lear kernel.

6.3.1 Feature extraction

The learning stage for the proposed system can be summarizadthe fol-
lowing three steps:

Evaluation of a customized set of Haar features to the integrahages
of the training samples.

Selection of the best discriminative features through thepplication of
the AdaBoost algorithm.

Construction of a nal boosted classi er based on a cascadéaassi ers
whose complexity is gradually increasing.
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To obtain, through a reliable learning procedure, a good cai er we must
guarantee two requirements: a comprehensive set of exampldgere the ob-
jects of interest may occur; a suitable selection of descrggs to describe
each possible occurring pattern. In order to detect an obje an image
we should in principle take into account the information preided by each
single pixel. This search space may be reduced if we expldietsemantic in-
formation enclosed by \lumen frames". These images, indeezhow a strong
geometrical coherence that may help in discriminating therfnom other kinds
of frames. To this aim, Haar-like features, a set derived froidaar wavelets
[62], recognize objects using intensity contrast between jadent regions in
an image.

Basic Haar features proposed by Viola-Jones and specialized fice detec-
tion do not have proper discriminative power for lumen invagation: it is
necessary to de ne customized variations for the presents& In particular,
the features needed in this work should provide a strong pos# response
on a rectangular region with low intensity called generichi \lumen" and a
brighter surrounding area corresponding to the gut wall. Byombining a
learned evaluation threshold to each feature, it is posséto assign an image
to the appropriate category. Figure 6.10(a) shows an examptd the rst
kind of our proposed features that we call \center-surrouridfeature. The
typical appearance of a frame that shows an intestinal corgction consists
in a dark area surrounded by the typical rays that muscular toe produces
due to the folding of the intestinal wall. We hence introducéwo additional
\cross-like" features that enhance the discriminative poer produced by the
simpler \center-surround" feature (Figure 6.10(b) - 6.10(). The computa-
tion of this second kind of features may be e ciently obtaind as for the
simpler \center-surround” feature from the integral imageepresentation.
Using integral image representation, feature evaluation igccomplished by
few memory accesses. It is straightforward to verify that tcompute \center-
surround” features, at any position or scale, only eight ldeups are needed.
The remaining two kinds of features require more accesses doi¢he greater
number of rectangular areas. \Cross-features" require nesctively 16 and 24
references from the integral image. The reader may easily gorce himself
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(b)

Figure 6.10: The three kinds of features proposed for lumentdetion. For
each feature we get a scoi® calculated as the di erence of intensity between
light and dark regions of the rectangle. In the rst row the ima@es at the
original resolution are shown while in the second the imagese rescaled to
the base resolution 24 24 pixels zooming on the region of interest. (a)
Evaluation of a \center-surround" feature in a \not lumen frame" (S; =
6348! 2175 = 4173). (b) Evaluation of the rst cross feature in a \lumen
frame" (S, = 1083! 1766 =! 683). (c) Evaluation of the second cross feature
in a \lumen frame" (S =861! 1988 =! 1127).

that indeed this is the minimum number of look-ups needed frora direct
analysis of this feature geometry.

Once a feature shape has been assigned, it is necessary taipis position
and scale within the region of interest. Actually, the featues are scanned
across the image top left to bottom right using a sliding o seof two pixels
both in the horizontal and in the vertical directions. The pocess is iter-
atively repeated with di erent feature scales at each round To keep the
computation of the proposed features within the same numberf look-ups
into the integral image, we choose not to change the scale betimage but
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to variate instead the size of the features. The exact repmgation for the
three proposed types of features is as follows:

f =[Xw; Yw; Swx: Swy; Xb; Yo Sox; Soy; type; ; 1 (6.5)

The rst four elements Xy; Yw; Swx; Swy, refer to the larger square of the fea-
ture. Similarly, the following four elementsxp; Yo, Sox; Sby, relate to the inner
square. Thetype parameter is an integer that indicates which type of feature
is considered (1 for the \center-surround" feature, 2 and ®f the two kinds of
cross features respectively). The last two parameters areet optimal learned
threshold and the polarity to register the category of imagediscriminated
by that feature.

The \center-surround” features are evaluated consideringi erence between
the sum of the pixels within two rectangular regions (Figure @1(a)). The
second type of features considers a cross-shaped regiomtwa@ce the lumen
area. Location and size of this region are constrained by teeze of correlated
\center-surround" feature (Figure 6.11(b)). The third type of features is pro-
cessed in a similar way. The central region of the cross is amjed of one
pixel both in the horizontal and in the vertical directions Figure 6.11(c)).
We consider the same total number of features for each type.umen area
presents always a square aspect ratio, i.e., the boundingyien of these areas
is approximatively a square. This leads to a simpli cation othe feature
de nition as follows:

f = [Xw: Yw: Sw: Xb; Yor Sp type; ;] (6.6)

We consider only squared features, i.e., those with equalrtamntal and ver-
tical even scales,. The internal region relative to lumen varies from a
minimum size 2 2 up to (sy! 2) (su! 2) pixels. Once we have xed
the size of the external section, the descriptor associatedth the lumen is
shifted across the external descriptor with a resizing of twpixels at each step
(Figure 6.12). In this phase of processing the resolution of\CE frame is
reduced to 24 24 pixels. The total number of features per scale is hence
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Figure 6.11: Schematic features representation. (a) Centsuarround feature.
(b) First cross feature obtained by center-surround featureonsidering the
cross with width s,y and heightsy,. (c) Second cross feature obtained by the
rst taking into account a inner square of width and height geater than one
pixel respect to the previous version.

equal to the total amount of di erent features in the image mitiplied by
the allowed variations of scale. For example, a 8 8 feature contains nine
regions of size 2 2, four of size 4 4 and one of size 6 6 pixels. The total
number of features of size 8 8 is 1134, equal to the number of windows in
the image (assuming a horizontal and vertical o set of two piels) for the
total number of variations. Table 6.2 summarizes the feater counting for
the chosen scales.

6.3.2 Classi cation method
Training a cascade of strong classi ers

As it is stated above, during the training phase the dataset isescaled to
the base resolution 24 24 pixels. The integral image representation of
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(a) (b) (c)

Figure 6.12: Given feature size, all regions of a xed scaleeaconsidered in
each location (a). This cycle is reiterated by increasing thsize of the inner
square (b) until maximum amplitude is achieved (c).

gray tone training samples is used to compute feature scare&pplication
of AdaBoost provides a list of best discriminative featuresln particular,
we build a binary classi er for each feature (these are tratonally referred
in the Boosting community as weak classi ers). Initially al the examples
have the same weight. For each Boosting step, the determimat of a new
weak classi er involves the evaluation of the relevance oheh feature on
training data. The \best" feature is selected according tohe weighted error
that each feature shows on the training data. In the successiround, the
samples are reweighed to emphasize the misclassi ed onesic& this step
has to be iterated several times, this is the most expensivecsion of the
training module.

The result of the training module is a classi er (called \stong classi er" in
the Boosting jargon) computed as a weighted linear combinatn of the weak
classi ers built during each round of boosting. The whole Busting process
IS, in turn, iterated, varying at each step the number of weaklassi ers. The
result is the realization of a cascade of strong classi ersittv a gradually
increasing number of features.

An appropriate learning process requires that each strongasisi er shows a
prescribed detection rate, while maintaining a de nite ra¢ of false positives.
In particular, a minimum detection rate and a maximum false psitive rate
is required at every level of the cascade. For each strongsdaer, a weak
classi er is added until it reaches the required parameterfr the current
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Table 6.2: Features number per scale. The rst column refet® the size
of the feature while the second is related to maximum scald@ded for the
lumen area.

Feature M ax
size Internal | # Features | # V ariations | Total
scale
4 4 2 2 121 1 121
6 6 4 4 100 5 500
8 8 6 6 81 14 1134
10 10 8 8 64 30 1920
12 12 | 10 10 49 55 2695
14 14 | 12 12 36 91 3276
16 16 | 14 14 25 140 3500
18 18 | 16 16 16 204 3264
20 20| 18 18 9 285 2565
22 22| 20 20 4 385 1540
24 24 | 22 22 1 506 506
21021

level of the cascade. Similarly, a new strong classi er is sciated to the
cascade until total false positive rate crosses a certainrégshold.

One of the advantages of the proposed system is that the useryoneeds to
de ne the feature set to be used and the false positives andtdetion rates
for each level of the cascade. All the internal parameters aaeitomatically
selected during the training phase.

Testing a cascade of strong classi ers

In the proposed system, each test image is scaled to 224 pixels and it is
labelled as \lumen frame" or \not lumen frame". This single sale procedure
combined with selection of best features during training Ews real time
application of our system (up to 600 frames per second). Pk=anotice that,
di erently than in the case where the object to recognize magppear at
di erent scales, in the present case a \single-scale" choites been shown
adequate. Notice that in this simplifying choice of a singlecale we dier
from the original Viola and Jones approach. In the case of facetdction
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the issue is to nd faces that may appear at di erent scales whin an image.
These stringent requirements force Viola and Jones to includeerent scales
in their detection procedure. In our case the problem is sirfgr: lumens are
roughly all at the same scale and we do not require localizati@f them inside
the frame but only to label the frame as a \lumen frame". Thisysti es our

choice of a single scale.

6.3.3 Experimental results
Boosting based classi cation

In this section, we report the experiments carried out to vefiy the e cacy
of the proposed method. To this aim, we have considered 1008&ges ex-
tracted from real WCE videos of 12 patients of which 6 were higay and 6
had suspected bowel disorders. Rather than considering ordpe training
set as was done in an earlier version of this work [65], we hamdracted ten
di erent training sets and control sets from the whole set abur disposal.
This more extensive experiment has been aimed to verify if éhbehavior of
the algorithm signi cantly changes according to the used leaing set.

To train each one of the cascades of strong classi ers, we ¢akto account
the integral images of 3000 images, 1000 positive and 200Qateve, rescaled
to 24 24 pixels. The positive images have been previously manyadelected
from WCE videos labelled by an expert. The selected imagegresent a com-
prehensive set of scenes where the intestinal lumen can begant, including
location and scale changes within the image. Di erently, th negative exam-
ples have been randomly selected from videos that not contaimyalumen.
Both typical smooth images and images containing other juég negative
events, like the presence of bubbles, bleedings, residyalsare this set.
During the learning module, we need to establish a maximum && positive
rate and a minimum detection rate to satisfy for each layer ofascade. In
particular, we require that 98% of positive images must be cegnized at each
level while maintaining a maximum amount of false positivesgaivalent to
80%. These values have been experimentally optimized. Notidewever,
that higher positive images recognition rate are rst of allrarely attainable
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Table 6.3: Details on trained cascades using ten di erentaining sets.

Train | Nodes | features | Center | Cross1 | Cross 2

Data surround
1 6 217 51 78 88
2 5 291 82 109 100
3 6 397 89 154 154
4 6 342 77 131 134
5 6 256 57 71 128
6 5 185 47 67 71
7 6 257 72 98 87
8 5 205 60 66 79
9 6 184 47 80 57
10 5 272 67 100 105

and even when possible, they may introduce strong over ttop At the next
levels of the cascade these two values are computed reldiivio the new
dataset whose positives set is composed by every lumen retpgd as such
by the previous classi er; the negatives set includes the reximing false pos-
itives. A strong classi er will be added to the cascade untithe total false
positive rate drops to zero. By iterating this process for ea training set,
we get ten di erent cascades of strong classi ers whose d#ésaare listed in
Table 6.3. It is straightforward to understand that the trained cascades are
slightly di erent only in the total number of features, but the proportion of
features is often the same: the cross-shaped featur€xrdgss 1 , Cross 2)
are the most discriminative. The number of nodes in the casocadan not
be deterministically calculated, but this also depends on éhtype of images
used during learning. We do not impose any constraints on theumber of
features in each node. It is assured only that the node+ 1 must have a
greater or equal number of features than node To clarify this procedure,
in Figure 6.13 is illustrated the cascade of strong classi erglative to the
8! th dataset. The total detection rate of this cascadd), and the nal false
positive rate F, are obtained as a combination of intermediate outcomes on
the cascade:
W W
d =97;98% F =

i=1 i=1

fi = 0% (6.7)
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Dataset:
980 L —55NL
dy = 100%
fi= 0%

# Features: 68

Dataset:
983 L — 221 NL
dy = 99,69%
fr = 24,88%
# Features: 68

Dataset:
990L — 701 NL
d, = 99,29%
fi = 3152%
# Features: 39

Dataset:
999 L — 1598 NL
dy = 99,09%
fi = 43.86%
# Features: 15

Dataset:
1000 L — 2000 NL
dy = 99,9%
fi= 79,9%
# Features: 15

NL NL NL NL NL

Figure 6.13: Example of a cascade of strong classi ers obtathin the exper-
iments. d; and f; represent detection and false positive rate at the i-th leVe
of cascadeL and NL indicate lumen and not lumen frames, respectively.

whereN is the total number of layers of the cascade.

To test the e ectiveness of trained cascades, we have coresield ten di erent
collections of 7033 images randomly extracted from a set odines disjoined
from each training set. During testing phase, we consider thetegral images
of test set rescaled to 24 24 pixels with the respective labels, the cascade
of boosted classi ers as it has been obtained during traingnand, nally, a
threshold that determines the rigorousness of the classr.eEach test sample
gets through each single node of the cascade; a positive ame is sent by
the classieri to the more complex classi eri + 1. An image is labeled as
lumen if positively overcomes each node of the cascade. Ifaaty point the
test image is judged negative, it is rejected immediately wiout further test
(Figure 6.13). The classi cation performance has been evalied in terms of
precision and recall by comparing our results with the annations provided
by the specialist. Table 6.4 shows the results. The labelirgf images was
previously made by a human expert. However, for certain imagsét is often
di cult to understand, even to a skilled human observer, if wrat we hold
as \lumen frame" is actually a particular fold of the intestnal tissue or vice
versa.

Each strong classi er in the cascade is constrained by a nifify threshold.
Higher threshold values minimizes both detection and falseogitive rates.
Similarly, a low threshold will lead to acceptance of a great number of
lumens images while increasing the probability of detectinfalse positives.
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Table 6.4: Classi cation results using Boosting.

Test | Recall | Precision Accuracy

Data
1 |8860%| 7206% | 91 32%(64237033)
2 |8905%| 71,64% | 91;24%(641%7033)
3 | 9L1,82%| 6911% | 90,67%(637%7033)
4 | 9L37%| 67,86% | 90,16%(634£7033)
5 |87,92%| 70,73% | 90,81%(638%7033)
6 |8807%| 7L76% |9117%(64127033)
7 |8890% | 6906% |90 34%(63547033)
8 |90,85%| 70,78% | 91;15%(641%7033)
9 |8695% | 7340% | 91;55%(643%7033)
10 | 91,45% | 68,33% | 90, 34%(63547033)

The optimal value of threshold depends on the preferencestbé physician.
We expect that a higher amount of false positives than of falseegatives is
typically preferred. The presence of a high number of falseogitive results
in more time spent by the expert to do a diagnosis. Losing a htful lumen
is a worse event because it means to miss a relevant event wtitle resulting
inaccuracy in the nal report. By varying the rigidity threshold from a min-
imum to a maximum value, we can construct a ROC curve comparinipe
detection rate versus the number of false positives. Figurel@ reveals that is
possible to reach a detection rate above the 90%, keeping #maount of false
positives at about 600 instances, i.e., 8% of the test datas@ll experiments
have been conducted on a consumer level PC with IntelCore™ 2 Duo pro-
cessor and 4 GB of RAM. Calculations have been performed in MARB
environment.

Figure 6.15 shows some examples of false positives obtaineth the pro-
posed method. In many circumstances, the intensity contrabetween adja-
cent regions does not correspond to the presence of a lumethisTis maybe
a consequence that Haar features are sensitive to illuminatiehanges. Vari-
ations on the lighting conditions may cause the cascade to @et lumen that
was not predicted during the training stage. Likewise, in $ne images, folds
of the intestinal wall may produce contrasted regions thatanfuse the Haar
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Figure 6.14: ROC curve for each dataset obtained by varying éhsti ness
threshold of each classi er from (1 to 1.

features. If new kind of images are presented to the clasgi eletection is
di cult and the amount of false positives increases. To dealith this prob-
lem, training data must include as many examples as possiliepredict only
true lumen.

Features analysis

One may reasonably ask if the proposed kind of features is opal: may we
obtain good classi cation results without one of these thekind of features?
May we get away with only one kind? Adding some more elaborate Halike
features is worth the gain in accuracy? The authors have tdeto perform

Figure 6.15: Example of some false positives detected by thestem.
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boosted classi cation using only one kind of feature among ¢ise proposed
in this experiment at each time. The results were only slightldi erent than
those obtained using the whole set of features. This suggeshat we might
use only one kind of feature and achieve similar results. K relevant to point
out that the cross-shaped features have been introduced biget authors to
improve not the results but the stability of the classi er. The availability of
the whole set of features helps to keep down the number of dasrs in each
node of the cascade. This happens because AdaBoost achievesemuickly
the requirements xed for the current classi er by the user. Ale the number
of nodes in the cascade is minimized. However, the use of crelsaped
features may bring discriminating power for all those susgbus regions that
seem at rst sight a lumen, while they are actually residualsbubbles, or
any other intestine artifact that generates an intensity cotrast similar to
a lumen. We can con rm that the use of additional features canly take
e ect on the structure of the classier. The results would no be further
signi catively improved.

Comparing the boosted classi er with Support Vector Machine

The mean recall value we obtained using boosting is 89,5%. i$hresult is
e ciently attainable allowing a real-time performance. An interesting ques-
tion is to compare the results provided by the boosting-baseshplementation
with another \classic" classi cation method. The main probdem in our data
is the excessive dimensionality (63,063 features for eachage to be clas-
sied). The high number of features suggests that comparisowith other
classi cation technique is fair only if these other techniges are adequate to
handle these cases. For this reason, Support Vector Machi(®VM) is the
ideal candidate for comparison. It is well know that SVM may edy deal
with very high feature dimension; moreover, standard SVM impimentation
are available and this makes comparison easier and repedeabSVM is a
supervised learning algorithm used both for classi cationral regression. It
indicates a binary classi er which projects the training saples in a mul-
tidimensional space looking for a separating hyperplane this space. The
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Table 6.5: Classi cation results using Support Vector Maclmie.

Test | Recall | Precision Accuracy

Data
1 |6992%| 6384% | 86, 79%(61047033)
2 | 7L57% | 6377% | 86,90%(61127033)
3 | 7082%| 66,39% | 87,67%(61667033)
4 | 6962%| 6427% | 86,90%(61127033)
5 |6879% | 67,58% | 87,83%(617%7033)
6 | 70,59% | 6539% | 87;35%(61437033)
7 |6917%| 66 14% | 87 44%(61567033)
8 | 70,37% | 6537% | 87;32%(614%7033)
9 | 70,37% | 6411% | 86,92%(61137033)
10 | 7277%| 63,86% | 87,03%(612£7033)

hyperplane should maximize the margin, i.e., the distanceoim the closest
training examples. SVM is well adapted to handle the curse ofrdension-
ality and its performance has been tested in di erent applation domains.
We have considered the same data used in the previous expemnts to train

di erent SVMs using a linear kernel. We rely on a patrticular clas of SVM
called Least Squares SVM (LS-SVM). In this version it is poss#dto maxi-

mize the margin between support vectors by solving a lineageation with

a least squares method. Classi cation results using this ntead are shown
in Table 6.5. The superiority of the proposed Boosting baseeéchnique is
evident.

6.3.4 Conclusion

In this experiment we introduced an automatic lumen deteatin algorithm for
endoscopic images. Inspired by Viola-Jones object detectisystem, we show
that using AdaBoost learning-based algorithm combined with @ascade of
strong classi ers leads to a good rate of detection minimizgy running time.
Experimental results show that the proposed system detegmsitive images
using exclusively Haar-like proposed features. Our detects exible and
easily extensible to other semantic objects in endoscopippications.
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6.4 Random Forests based WCE frames clas-
Si cation

This experiment provides another methodology for the deteioin task dis-
cussed in the previous Section 6.3. We are satis ed with theedormance
achieved by the Haar-features set to recognize images coniag a clearly
narrowing of the intestinal lumen and we repropose their use this new
experiment. Here, the customized set of Haar-like features used for the
growth of dierent binary decision tree. Each tree assigns &bel. One
image is eventually associated with the class that has the foaity vote in

the forest. Experiments conducted on real WCE images haveqgwed the
e ectiveness of the proposal and are reported and discussed.

6.4.1 Classi cation method

The proposed automatic lumen detection tool is inspired by #hwork of L.
Breiman [78]. The motivation behind the use of this method coes from its
steady success in di erent classi cation domains. In addibn, the construc-
tion of a forest, meant as an ensemble of low level tree-basddssi ers, has
better performance than individual classi ers and it is moe robust to noise.
The rst stage towards the classi cation is to extract sali@t information
from crude WCE images. To this aim, we propose the same featuset used
in Section 6.3.1 and shown in Figure 6.16.

Feature-score extraction creates a \population” oN records arranged into
a matrix D of sizeN M. N indicates the number of training samples with
M di erent features. Each entry in this matrix indicates the <ore of a Haar
feature on a sample. This information is used for the recuva growth of
a binary decision tree. The process begins from the root nqdehich takes
as input the entire matrix D formulating binary questions that determine
whether each record is assigned to the left or the right deswant node. The
process is recursively repeated treating each child nodeths father of the
next iteration until termination conditions are achieved.

We must establish a valid criterion to perform the best splibn data. The
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(@)

Figure 6.16: The three features used in the proposed methodhd score of a
feature is computed asS(x) = sumrect(W) ! sumrect(B), where sumrect
indicates the total value of pixels intensity within a rectagular region. W
and B are related to light and dark regions of the feature. (a) \Cerdr-
surround” feature. (b) First \Cross" feature. (c) Second \Cioss" feature
obtained by the previous considering a larger central sectio

split function will be good if it helps to achieve a higher dege of homo-
geneity in each terminal node: the degree of impurities in éanode must be
minimal. In our experiments Gini coe cient is used to estabish the impurity

of a node [79]. A node assumes a minimal value zero when theralats in
the node all belong to the same class. Gini's coe cient is daed as follows:

Mo
gt)=11  p(ijt) (6.8)
i=1
wherep(ijt) is the rate of items labelledi in the nodet.
A valid criterion for stopping the growth of the tree is releant for the size
of a tree. We consider two alternatives:

The current node contains elements belonging to a single s$a this
gives a \pure" leaf node whose label is the label of its element

The current node aggregates too few records to allow a newisplhe
minimal number of records is a user de ned parameter and it isseful
to avoid over tting problems. In our implementation we expementally
choose 10 as a good value for this parameter. If an \impure" de is
stopped from splitting it is a terminal leaf and it assigns tle label of
the majority of the records in the node.
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