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Abstract

Abstract

Among all types of cancegynecological malignancies belong to the 4th mostuigag type

of cancer amongvomen Besides chemotherapy and external beam radiation, brachytherapy

is the standard procedure for the treatment of these malignancies. In the progress of treatment
planning, localization of the tumor as the target volunaad adjaent organs of riskdy
segmentations crucial to accomplish an optimal radiation distribution to the tumor while
simultaneously preseing healthy tissueSegmentation is performed manually and represents

a timeconsuming task in clinical daily routin€his thesis focuses on the segmentation of the
rectum/sigmoid colon as an OrgaAm-Risk in gynecological brachytherapy. The proposed
segmentation methodsesan interactive, grapbased segmentation schem#h a user

defined template. In summary, the scleetneates a directédio dimensionalraph, followed

by the minimal cost closed set computation on the greggulting in anoutlining of the

rectum. The graphs outline is dynamically adapted to the last calculated cut. Evaluation was
performed by comparing manual seentations of the rectum/sigmoid colon to results
achieved with the proposed method. The comparison of the algorithmic to manual result
yielded a Dce Similarity Coefficientvalue of83.85+4.08, in comparison to 83.9B.08% for

the comparison of two manual segmentations of th@esahysician. Utilizing the proposed
methodology resulted in a median time of 128 seconds per data set, compared to 300 seconds
needed for pure manual segmentation.

Zusammenfassung

Unter allen Krebsartentisind gynakologische Tumomtie vierthaufigsteArt karzinogener
Krankheiten. Neben Chemotherapie und externer Bestrahlung ist die Behandlung durch
Brachytherapie eine Standardbehandlung fir Krankheiten dieser Art. Im Verlauf der
Therapieplanung ist es notig die relative Lage des Tumors und benacl@a@dee durch
Segmentierung zu erfassen um die verabreichte Strahlung moglichst genau planen zu kdnnen,
wobei der Tumor zerstért sowie umliegende Organe geschont wesdien. Die
Segmentierung wird manuell durchgefihrt und stellt einen hdchst zeitauggaen8chritt in
Verlauf der Therapieplanung da. Diese Arbeit konzentriert sich auf die Segmentierung des
Rektum/Sigmoid colons als ein Risikoorgan in der gynakologischen BreerApie und
beschreibt einen interaktiven, grabasierten Ansatz aufgebaut aifer benutzerdefiniente
Schablone. Es wird dabei emwei dimensionaler Graph aufgebaut, worauf die Berechnung
eines minimalen Schnitts in der Umrandung des Rektums resultiert. Die Form des Graphen
wird dabei dynamisch an die Form des Schnitts angepasstprasentierte Algorithmus
wurde durchden Vergleichmanuelle und algorithmischeSegmentierungen evaluiert. Fur

den Vergleich zwischen Algorithmus und Manuell wurde ein mittlerere CBimilarity
Coefficentvon 83.85+4.08%erreicht. Fur den Vergleich zwezi manueller Segmentierungen
wurde ein mittlerer Dice Similarity Coefficient von 83.97+8.08% ermittelt. Unter
Verwendumg des Algorithmus konnte eine Zeit (median) von 128 Sekunden pro Datensatz
erreicht werden im Vergleich zu 300 Sekunden fir eine manBetienentierung.
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Introduction

1 Introduction

It is estimated that in 2012 cancer related illnesses will account for the death of approximately
577,190 Americans. Cancer is thus the second most common cause of death in the United
Statesonly exceeded by heart disease which accounts for almost 1 of 4.ddathisers of

the National Institutes of Health (NIH) state overall costs of $226.8 billion for cancer related
illnesses in 2007. Thereby $103.8 billion account for direct medical treatment expenses and
$123.0 billion for indirect cost due to lost produiivSiegel, 2012

Additionally, the frequency of ezer related illnesses increases over proportionally since the
beginning of the last century andntinuouslyaffects all age groupg&auffmann et al., 2006
Despite these faci$ was observed that theyear relative survival rate among all types of
cancers treatebetween 1975 antl977 increased from 49% to 67% in the years from 2001 to
2007 (Siegel, 2012 These numbersclearly indicate the need for improved treatment
strategies and technologibat they alsoshowthat medicalresearch efforts put into the field
can make an i mp ac tthe owerallpeciodacananticasts tausedeby tunaon d
related illnesses.

In the progress of cancer tream 6070% of all patients wilat one point in timeome in
contact withradiotherapy procedure@Kauffmann et al., 2006 Besides the acquisition of
medical imageghemselvesone key stepin radiotherapy treatment isomputer assisted
segmentation othose acquired medical images. Therebyaluable information about the
acquired images is retrieved by separatirggninto meaningful anatomicaégions(Babalola

et al., 2008 This step is a crucial requirement for every compassisted radiotherapy
treatmentplanwhich the optimization oflose distribution regarding tlema and organsat-

risk (OAR) strongly depend anWithout exact knovddge about the location of themorand
adjacent organs, precise lodaima control with simultaneous sparing of healthy tissues
cannot be achievgd.echsel, 200y

The technologicalprogress in medical imaging technologies over the dasadeded to a
broaderuse iro fields such as diagnosis, treatment planning and clinicalestu& the same
time the technologynabled the acquisition of largenounts of image data in shpdriods of
time. Thistrend causethe amount of data aaged consistentlgxceedinghe amounbf data
used in succeeding treatmeptocedures.Because manuasegmentation is until today
regarded as gold standardt all theoretically available information can be retrieved due to
limited human capaties (Babalola et al., 20Q8Furthermorethis practice is time consuming
and not resource efficient and therefore demands the developmeatiabier computer
assistedsystems to support phg&ns in their evaluation of medical image détachsel,
2007).

Various fully automatic segmentation methods have been proposedre beinganstantly
improved. Hbwever fewof these awdmatic analysis toslcan guarantee robust results or are
in clinical usage(Birkbeck et al., 2009 Vezhnevets and Konouchine, 2Q00®Ithough
commercial tools can exhibit sufficient results for the prostate or urinary bladder, tin@ rect
is still problem prone and needs further improveméHtsas et al., 2008 Huyskens et al.,
2008.

As none of the currerfully automaticapproaches provides sufiit resultdor the rectum
and sigmoid colonmanual refinement of the computed segmentation is desirable and the
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motivation for the development of interactive segmentation appro@€hgsr et al., 2019b

They can speed up the segmentation process but yet give the physician enough control over
the algorithm to directly influence and improve thereentation resul(Birkbeck et al.,

2009.

Gynecological malignancies whichdlude endometrial, vaginal/vulvar and cervical azns
represent the "tmost frequent type of cancer among women and a major cause of death
around the worldSiegel, 2012 The standard procedure for primary or recurrent treatments
of these types of canceconsists of externdleam rdiation (EBR) followed by
brachytherapyDuring the brachytherapprocedure needle like catheters carrying a radiation
source are inserted into the patientlose proximity to the tumor in ordéw directly irradate

the malignant tissu@/iswanathan and Erickson, 2018\ crucial step irmplanning the applied
amount and distributionf radiationis the segmentation of the tumor and adjacent organs
risk potentially exposed to radiatiofhe most common OAR segmented in gynecological
brachytherapy include the urinary blaiddand the rectum/sigmoid colofYiswanathan,
201D).

This thesis focuses on the segtation of the rectum/sigmoid colon as an organsk in the

context ofMR images forilmage Guided Gynecological Brachytherapye rectum/sigmoid

colon has due to its mostly inhomogeneous appearance proven to be challenging for current
segmentation tde (Haas et al., 200§ Egger et al., 2012aA novel interactive segmeritan
algorithm for the segmentation of the rectum/sigmoid colon based on graph theory is
presented
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2 Preliminaries

2.1 Problem Statement

In the course of Image Guided Interstitial Gynecological Brachytherapy a crucial preliminary
step to treatment is the segmentation of the tumor as the-vatgate (TV) and adjacent
organs potentially exposed tadiation as the orgad-risk (Viswanathan, 2001 With the

3D information abouthe tumor and OARSs, the positioning of each interstitial neacke
controlledand the radiation loading and dwell time of each needle is determined in order to
optimize the dose distribution applied to the tumor, while sparing the OARs from radiation as
much as possiblélhis delineation of anatomical structures is mostly conducted manually by
a physiciarby drawing outlines of the structure on a slice by slice lzagisrepresents a time
consuming task in the progress pfanning radiological treatme(Bille and Schlegel, 2002
Pasquier et al., 2007

In general cases the performing physician might haveutiine several structures in more

than 80 slices(Bille and Schlegel, 2002Regarding the specific given problem of treatment
planning in mage Guided BrachytherapygBT)at Br i gham & Womeinds HOS
Boston, USA, manual segmentatioh the rectum/gmoid colon by outlining the object
contourhas to be conducted more than a dozen slicaad is aedioustask

Over the last decades various fully automatic segmentation methods have been pmwposed
support this segmentation processlowever the development of fully automatic
segmentation tools remains problematic due to variability in pelvic organ shape and poor soft
tissue depiction. bne of these automatic analysis tools can guarantee robust results or
achieved clinical approvaMoreover they mostly lack necessairytervention methodologies

and providelittle final control by the medical doctor over the segmima(Birkbeck et al.,

2009 Vezhnevets and Konouchine, 2Q008?asquier et al., 200.7As none of the current fully
automatic approaches prdes sufficient results, manual refinement of the computed
segmentation is desirable and the motivation for the development of interagiwergation
approachegEgger et al., 2013bln summary, hey can speed up the segmentatiorcgse yet

give the physician enough control over the algorithm to directly influence and improve the
segmentatiomesult(Birkbeck et al., 2000

A majorresearcteffort wasbeing put into brain tumor segmentati@xg.(Corso et al., 2008
(Wels et al., 2008 (Khotanloua et al., 2009 butonly some reseaah efort has been foged
on segmentation algorithms for pelvic structures regarding the urinary bladder,
rectum/sigmoid coloror malignant tumor volumedViost of these approachesere either
fully automaic or applied to Computer Tomography imageg.g. (Pasquier et al.,
2007),(Pekar et al., 2004 (Mazonakis et al., 2001 While both CT and MRI are used for
image guided radiotherapy of gynecological malignancies, CT repsefient standard
imaging technology for tement with external radiationherapy (EBRT), MRI the
techrology widely usedor image guided brachytherapyiswanathan, 2011

Conditionedby the lack of methodologies fdiR-guidedIGBT applicationsthe standard of
time-consuming manual segmentasosndproblems of fully atomatic toolsthere is a strong
desire forthe development ahteractive segmentatioagorithmsto assist physicians the
course ofnterstitialgynecologicaladiotherapyreatment planning
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2.1.1 Anatomy of the Female Pelvis

This chapter generally follows tis¢ructure given irfDrake et al., 2005 (Greene et al., 2006
and (Schinke et al.,, 200%and provides an overview of the anatomical structures of the
female pelvisvhich will be used in the following chapters

In human anatomyhe pelvis is definedy the pelvic bones and the terminal parts of the
vertebral column. It is generally regarded as two separate regions, the superiorly lying false
pelvis (greger pelvis) which is considered part of the abdomen and the inferiorly lying true
pelvis (lesser pelvis) which is associated with the pelvic bones and lower vertebral column
(sacrum and coccyx]).he pelvic cavity is a space enclosed by the pelvic girdietlaa pelvic

brim as well as the pelvic inlet and the pelvic floor. It contains anatomical structures of the
urinary, gastrointestinal and reproductive sys(seeFigurel).

The urinary system is located anteriorly, the reprtdacsystem along the midline and the
rectum posteriorly. The bladder and the urethra represent the urinary.system

Beginning caudalthe reproductive system consisif the vagina and uterus as well as two
pairs of uterine tubes and ovaries

(7)
(6)
(5)

(4)

Figure1: lllustration of the female pelvis: (Bnal cana(2) rectum, (3) sigmoid colon, (4) urethra, (
vaging (6) bladder, (7) uterudllustration based ofDrake et al., 2005

The gastrointestinal system begins with the stomechtinues with the intestine and ends
caudal with the penetration of the floor of the pelvic cavity by the anal aperture. The intestine
consists of the small and large intestine, whereby the small intestine represents the longest
part of the gastrointesthtract.

1C
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In the small intestine most of the digestion and absorption of food takes litae@erage
length varies betweem®- 7m in adults, its diameter between 2.8.0cm. It can be further
divided into the anatomical structures of the duodenumnjejhieum and the ileum.

Following the small intestine continues the large intestine. It extends from the end of the
ileum to the anal canal and is approximately 1.5m in lemagith approximately 3.5cm in
diameter Its main function comprises the absorptidnr@maining fluids and salts form the

gut contentlts distinct anatomical structures are the cecum, appendix, colon, rectum and anal
canal(seeFigure?2).

The appendix and cecum represent the beginning strudtitee large ingstinein the right
groin, whereby the cecum measures 6erficm Thereafter the large intestineontinues
upward by the ascending colon through the right flank and into the right hypochondrium
measuring about 15cin20cm The right colic flexure representhe location below the liver
where the intestine bends to the left. Crossing the abdomen as the transverse colon, it
proceeds into the left hychondrium, where it bends downwards at the left colic fIExome
there it continues as the descending colonugh thdeft flank into the left groinmeasuring
about 10cmi 15cm. There it proceeds into the pelvic cavity in form of the sigmoid colon
which expands about 12cin15cm. The rectosigmoid junction is generally described to be
located aroundhe levelof the vertebra Slll and is marked by the fusion of the tenia of the
sigmoid colon to form the circumferential longitudinal muscle of the rectum. The rectum
measures roughly about 12cm in length and ends with the anal canal.

All parts of the large intestenare covered by the peritoneum, a serous membrane, which
secretes lubrication fluids. The peritoneum carfupner distinguished depending on the part

of the large intestindRarts of the small intestine, in particular the first part of the duodenum,
jejunum and ileum as well as the first parts of the large intestine, cecum, appendix, tansverse
colon, sigmoid colon and upper third of the rectum are covered by the intraperitoneal. The rest
of the duodenum, ascending colon, descending colon and middleothifed rectum are
covered by retroperitoneal. The last third of the rectum is covered in infraperi(®doeala

and Derrickson, 2008 Depending on the MR pulse sequence, the tiSsosmsotic water
content angbossible giving of contrast media, their depiction in MR can {@ajey and Ros,

1997 (Elsayes et al., 2006All parts of the large intestine are covered by layers of outer
longitudinal and inner circular smooth muscles.

One of the main characteristics of the large intestine is its large diameter compared to the
small intestine. Accumulations of fat in form of the omentaleaplices are in particular
associated with the colon. Primarily visible in the cecum and colon are the taeniae coli which
are segregations of longitudinal muscles in its wall into three bands. Mor¢oeearge
intestine is characterized by sacculatiohthe colon in form of the haustra of colon.

11
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(4)

(3) : .

(7)

(1)
~ (8)

@) \\\ (6)

Figure 2: lllustration of the large intestinédt starts with the appendix (1) and cecum (2) in the r
groin(A), continues as ascending colon (3) into the right flank (B) and highdchondrium (C),
crosses the abdomen (D) as transverse colon (4) into the left hypochondrium (E) and contin
the left flank (F) and left groin (G) as descending colon (5). From there it continues as sigmoi
(6) and expands as rectum (7)oirthe anal canal (8) in the pubic (H). The umbilicial (I) is

transverse by the large intestindllustration based o(Drake et al., 2005

2.1.2 Image GuidedInterstitial Brachytherapy

Treatmeat of tumor related iliness throughe application of radtaon is one of the most
effective therapies besides resectiointhe affected areand chemotherapyand is only
deployed in combination with other forroétherapyThe obj ect of tadayos
improved distribution of the radiation dodensuing the medically necessappncentration

of radiationon the affected carcinogenic cells while harmful side effects on healthy tissues are

12
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avoidedby sparing them from radiatias pivotal foran accurate tumor treatmefhtechsel,
2007).

For gynecologic cancers the standafetare treatment begins with exterteam radiation

and is succeeded by brachytherapiie term brachytherapy origins from the Greek word
brachys( i} UG)gydmeani-dgsfiahoed and des entprdcedsre a r ad
where a radiation source is brought in short distance to the tumor as the target volume. Close
proximity of the radiation source® the target volumés advantgeous to other forms of
radiaherapy as iallows accurate local distribution did radiation doséhrough sharp dose

gradients Simultaneously to a high integral dose in the target volume, low exposure to
radiation of the patient 6s (Kdutmmhntehal.,, 2006 s sue
Usually, only considerately small and easily accessible volumes are treated with
brachytherapyMorris, 1998.

Moreover, brachytherapy cancompared to EBRTfake organ movements as welb
alterations in patient setups into account. It also has the potential to reduce radiotherapy
related morbidity and enhance qualdiylife if imaging technologis are repetitively used to
support the procedu®iswanathan, 2011

In clinical usage three types ofracchytherapycan be discriminatedvold treatmentescribes

a treatment of carcinogen skin malignancies where the radioactive source is externally placed
on the pat i elnttadagtarystiedatnmentre radi@activelsource idgeel into the

human body through a natural body orifice, e.g. the uterine or anal tateastitial treatment

is characterized by direct insertion of a sealed radioactive source into the target volume to be
treated, e.g. tongue, brain or gynecologitalcuregMorris, 199§.

The following description ofMR-guided interstitial brachytherapstrongly refers to the
workflowatBi gham & Womenos imMEapy etalad0lgdescri bed

Prior to radation application,various MR image data is acquireaccordng to a diagnostic

MR protocol This includes a T2weighted fast spin echo (Siemens TSE);widighted fast

spin echo (Siemens TSE) before and after injection of contrast medium -shoglaalf

Fourier fast spin echo (Siemens VIBE), diffusierighted eho planar imaging, as well as
RF-spoiled gradient echo (GRE) sequencAfter these preliminary image acquisitions

follows externalbeam radiation succeeded ingerstitial brachythea py i n BWHOSsS st
the-art Advanced Multimodality Image Guided Operagg{ AMIGO) suite.

(1) (2) (3)
Figure 3:Overview ofthe AMIGO suits: (1) MRI room, (2) Operating room, (3) PEIT room
(NCIGT, 2013

To this date three categories of gynecological procedures haven lpsgformed in the
AMIGO suite aepending on the type applicator. The first type consists of a MBmpatible
tandem coupled with ovoids (T&O) or a ring (T&RThe second type is a hybrid T&O

13
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applicator with nedlle-bearing ovoids (Utrecht Applicator) or T&R with needllearing ring
(interstitial ring or Vienna Applicatdr The third type of applicator consists of a Syéblett
template and plastic needlesthvcentral tungsten alloy obturators. The procedure involving
the last type of applicator will be described in further désaié Figure 5)

(3)

()

Figure4: Applicator used in gynecological brachytherapy: (1) needles, (2) obtu{@xdemplate(©
BWH-SPL, 2012)

The first step in interstitial brachytherapy is theemi®n of a sterile speculumtmthe vaginal
canal toprovidesufficient visualization of the vagina and the tumor to be treated. Thereafter a
single suture is threadeato the apex which assists in retracting the vaginal apex as inferiorly
as possible. The obturator is then inserted against the vaginahageowver the suture. The
template is put ovethe already inserted plastic obturatét all four corners the teplate is
sutured t o t Beforepha placament 6fshe terkpiate,.its holes are filled with
sterile contrast agent for enhanced visibility of the subsequently inserted né&¥ileshe
obturator and template inserted and sutuaednitial threeplane (sagittal, axial and coronal)
T2-weighted MR localizeis conducted.

Although CT and MRI are both used for imag@ded radiotherapy of gynecological
malignancies, CT is widely seen as modality of choice for treatment planning of external
beam rdiation and assists in diagnosis. MRI stands for the standard modality for image
guided brachytherapy and is regarded as the gold standard for the assessment of gynecological
malignancies. In contrast to the less precise information about tumor extensiuor,
regression and internal organ movements CT delivers, MRl accomplishes ademigten.

For IGBT in particularT2-weighted MRI sequences are considesisthe gold standard. The

use of MRicompatible applicator and probes as well as contrast agenégnated vaginal
packing facilitats clear depiction of all relevant anatomical structureth@acquired images.
Although only limited data about the correlation between image orientation and quality of
object outlining is available, the orientatiohimage acquisition is suggested to be conducted

in a Abrachytherapy oriented viewo displayinr
orientation(Viswanathan, 2011

After image acquisitiontungsten alloycentral obturator needles are inserted inton24 29
cm long hollow plastic cathete(BroGuide, Nucletron Cogndboth aeinserted together into

14
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the patieh t hr ou g h hotes After ehenfirdt aeedbed are inserted, a-B&lanced
steadystate free precession (bSSFP) sagittal image is acquired to localize the catheters
enable adjustment$his prevents unintendansertion of the needles into adjacent organs and
improves full tumor circumvallation. Thereaftsubsequent needles are inserted waythat

the visualized area of the tumor is fully covered and healthy tissue is spared. In the progress
of needle insrtion, a series of F&eighted MR scans are acquired for qumknitoring
purposes. After all needles are inserted, finaWEzghted MR images with a slice thickness

of 1.6 mm are acquired in the sagittal, axial and coronal p(aeeFigureb).

Figure5: T2-weighted MR images recorded in the course of gynecological brachytherapy: (1
view, (2) sagittal view, (3) coronal viel® TUM-MIMED, 2012 MRI data from(Egger et al.,
20129)

Afterwards, hose images are transferred to the treatspkamning system (Ocentra Brachy,
Nucletron Co.) via the internal BWH network. The first step in treatipkamning consists of
manual contouring the tumor as well as adjacent organsk repreented by the bladder and
rectum/sigmoid colonTo support segmentation of the bladder a Foley catheter filled with
contrast medias applied through the urethgior image acquisitionvhich leads to contrast
rich depiction In the last step of treatmeplkanning dosimetric calculations are conducted to
determine thanedically necessargmount of radiationThe results are used as basis for the
patientindividual treament plan.

Thereafterradiological brachytherapy is administered based on the treapta@nt

2.1.3 Treatment Planning

For every radiology treatment a patient individuedrapy plan has to be compile&igeneral
workflow description applying both to EBRT and IGBT is giverkFigure6. In the process of
treatment planninghe segmentation of the tumor and adjacent orgénisk is performed
andthe amount oappliedradiationis estimated.

After image acquisitionthe first step of treatmemtlanning consists ahe determination of
the target volume to be treateficcordng to thelnternational Commission on Radiation
Units and MeasurementiCRU) ((Measurements, 1999various target volumes are dedd.
Those volumes can be tdigguished intancological volumes and radiotherapeutic volumes.
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> Treatment Setup
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Figure6: General wrkflow of a radiology treatment plarClinical Target Volume (CTV), OrgaAt-
Risk (OAR);altered fromBille and Schlegel, 2002

Oncological volumes consist of the gross tumor volume (GTV) and the potential tumor spread
area.

The GTV can bedescribed byisibility in different image slicesand encompasses an area
where tumor cells were diagnostily or surgically verified Further indirect indications for

GTV determination are deformatigrof adjacenthealthy structuresThe potential tumor

spread area encompasses an area surrounding the GTV where no tumor cells have been
verified, proliferationinto this area has to be assuntemlvever. The clinical target volume

(CTV) has to fully encompass the GTV as well as the potential tumor spread area.

Radiotherapeutigolumes are represented by several volumes taking alterations of the patient
position, dee distributiorand exposition of radiation into account.

The clinical target volume (CTV) has to fully encompass the GTV as well as the potential
tumor spread area. The planning target volume (PTV) comprises the CTV and an additional
safety area to takdtaration in the progress of therapy into account, e.g.raproducibility

of patient positions, different filling levels of orgassd organ movement areight loss

In case the PTV is covered by an isodose area which is sufficient for the treatmentharg
treated volume (TV) equals the PTV. The TV has to equal or be larger than the PTV.

The irritated volume (IV) describes areas where exposition to radiation is undesirable,
however inevitable and effects of radiation cannot be precluded.

In case hdthy tissues prone to side effects of radiation are found in the area where radiation
is applied, those tissues or organs have to be derastéddsegmented as orgeetsisk.
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According to their respective sensitivity to radiation these OAR have to be sSjppaned
radiationexposition or at least be taken into account for dose distrib(Kianffmann et al.,
2000, (Bille and Schlegel, 2@).

(3)

(5)
(1)

(4) (2)

Figure7: Schematic dpiction of oncological and radiotherapeutic volumes in treatment plantiin
Gross Tumor Volume (GTV)(2) Clinical Target Volume (CTV)(3) Irritated Volume (IV) (4)
Planning TargeYolume (PTV),(5) OrganAt-Risk, illustration based ofKauffmann et al., 2006

Regardingradiation sensitivity, the stomach has the highest risk of-leng effects due to
exposition to radigon of all organs of the digestive system. After exposition of 40 Gy serious
symptoms appear in form of stomach pain, nausea, loss of appetite and vdaxitiegding

40 Gy chronic side effects are prone to appear in form of ulcers and bleeding. Thinipper
for the stomach is considered to be approximately 50S8nsitivity to radiation decreases
continuously from the stomach to the rectum. Thk of chronic afteeffectsto expasition of

50 Gy decreases from 50% at the stomach, to 35% at theistaatine, to 20% at the colon
and 5% at the rectum. However, these values diroogrrelate with dose fraction
(Kauffmann et al., 2006

The specific workflow of treatment plangrof IGBT at BWH will be described in further
detail and refers to details given(iapur et al., 2012 At BWH treatment planninépr IGBT
comprisesradiation distribution confined by the template and dose calculation. It can also
comprise the step of applicator selection and inserted needle arrang@seiscribed in
chapter2.1.2all patients undergexial, sagittal and coronal T&eighted MR imaging with a
slice thickness of 1.6mm after applicator insertion. To ensure the applicator caraleetb
additional CT scans aperformedand a rigidregistration with the MR images computed

Thereafter flows manual contouring of the normal tissue in the CT/MR merged images.
Contouring of CTV as well as OAR is performed in MR images since MR provides clearer
depiction of the soft tissue regions of interest.

With high dose gradients in stadéthe art brahytherapy, the applicator needs to be
reconstructed to ensure exact dose delivery and distribution. This step can either be performed
manually or modebased.

The actual 3D planning is iterative and starts wistamdard2D plan For T&O as wells as

T&R treatmentghe preliminary designed plan is normalized to pointTAereby Point A
describes a point in 2cm distance from the tandem and 2cm superior to the upper surface of
the vaginal applicator and is often used as a reference in I&BRdt et al., 201}l For
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interstitial treatment | needes are loaded symmetricallyy the preliminary standard
planning however point A is not defined.

(4)

(5)

Figure 8: Interstitial treatment planning: slid®y/-slice optimization of radiation dose distribution
tumor (CTV) and sparing djacent Organ#t-Risk, (1) Tumor, (2) Rectum/sigmoid colon, (
Brachytherapy obturator, (4) 100% isodose line, (5) urinary bladder (illustratedKiamur et al.
(2012, data fromEgger et al. (2012

After preliminary planning based on a standard 2D distribution follows optimization in 3D.
Figure 8 illustrates howbased orthe segmentations performed in CT and MR the standard
plan is altered to satisfy case specific constraints and pararweteesh specific cas@his is

done by manually altering dwell times in various locations to achieve optimal coverage of th
CTV while dose exposition to OAR is simultaneously minimizBadiation coverage is
evaluated by the CTV D90 parameter which represents a standard parameter for treatment
planning evaluatiorfJurgenliemkSchulz et al., 2010 Ideally, the CTV D90 should exceed

100% of the prescribed dose to the CTV. Téstimation is conducted manually by slice by

slice comparison of dose distribution and CTVe final 3D adjustment of dosésttibution

further increases CTV radiation coverage and decrd¢lasdsse applied to OAR.

2.1.4 MRI Depiction of the Lesser Female Pelvis 8&Rectum/Sgmoid Colon

As described in chapt&.1.2 CT and MRI are both imsagefor imageguided radiotherapy

of gynecological malignancies. However, CT is widely seen as gold standard for diagnosis
and treatment planning of exterrdmam radiation performances. In contrast to the less
precise information about tumor extensienregression and internal organ movements that
CT delivers, MRI images psent a more accurate depiction and discrimination of tumor and
soft tissue. Direct comparisons between object contouring in CT and MR for IGBT treatment
planning showed a significanverestimation of contour width in CT images comparddfio
(Viswanathan, 2011

Stateof-the-art MR scanners clinical usageoperate in a range of 1.5T3T and exhibit an
advantageous signtd-noise ratio. Open low field 0.2T 0.5T MRI scannergan offer
advantages for claustrophobic patients and easier patient handling, hossadvantages
regarding image quality compared to MRI scanners of 1.5T or highteriletreased usage of
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scanners of 1.5T and higherthe radiology communityzor IGBT T2-weighted MR imaung
is considered the gold standalt$ stagimg accuracy of cergal carcinona has been evaluated
to be between 75% up to 96%apur et al., 201

In order to deliver an optimal depiction of alirgical instrments (needles, obturator and
templat¢ as well as the tumor and orgaats i s k , i mage acquisition
oriented viewdo is performed. F o, rmagespirt axial a | ou
view areused andhre thereforeacorded irthe highest resolutiorfViswanathan, 201

For illustration purposes dhe latter following MRI imagedrigure9 shows the same axial
anatomical cross section of the lower female pelvis as depictdahMR imagesusedfor
IGBT.

In the center ofFigure 9 an anatomical crossection of the urinary, gastrointestinal and
reproductive system can be seen. Anteriorly lies the urinary bladder, followed by the vagina
in the center and the rectum parsdrly, all covered inserous peritoneum membrane (see
section2.1.]) and layers of outer longitudinal and inner circular smooth muscles.

Lateral from the cder, theanatomical structure of the tuber ishicum as part of the pelvis
bone can be seen. Further lateral a cross section afstfemorisas thetigh bone is to be
found In relation to theebonesare the muscles of the various inner pelvic musélagher
posteriorlays the muscle gluteus maximus which represents a large part of the buftbeks.
fossa ischianalis representbady fat compartmenateral to the anal canal and infarto the
pelvic floor.

3)

()

(6) 1)

(5)

(4)

Figure9: Axial cross section of the anatomical structure of the lower female pelviRegtym (2)
Vagina (3) Urinary Bladdey (4) Fossa Ischinanalis (5) Gluteus Maximus(6) Tuber Ischiadicum(7)
Os Femorislllustration based o(Schiinke et al., 2005

Figure10 shows a T2-weighted Turbo Spin Echo (TSE) imagea resolution matrix of 320 x
256.

Besides the illustrated anatomical structures of muscles, l@mmkebody fat compartments,
Figure10 shows,accordingly toFigure9, several anatomical structures of greater importance
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to this thesis. Ateriorly the urinary bladder can be seen, characterized by gyteghvalue

(GV) relative to the whole image. This is due to given contrast media prior to image
acquisition to facilitate depiction and delineation. In the center of the bladdanséred
catheteris visible.In the given slice only a limited cross sean of the bladder is visible and

will expand to an approximas@ape marked by the steed line in further slices

Below the bladder the vaginal canal and the inserted brachytheraoyator can be
distinguished. The gynecological tumamcompasses part$ the obturator and is located in
close proximity to the urinary bldér and rectum, whicleadsto potential radiation anthus
classfies them as orgaratrisk. In close proximity to the tumor and obturator szl
brachytherapy needles dmind, depcted as dark, round dots.

Posteriorly of the vagina and obturator lays the anatomical structure of the rectum and
sigmoid colon. In TZveighted TSE MR images the rectum/sigmoid colon is mostly
characterized by a medium level grey value relative to théewhmage. In several cases it can
also be characterizedg ladark border which roughly distinguishes it from adjacent structures.

e 3)

(5)

(4)

(6)

(7)

Figurel0Q: Axial cross section of the lower female pelvisaihi2-weighted TSE image with anatoralc
structures: (1) Rectum, (2jagina & Obturator, (3) Urinary Bladder, (4) Tuber Ischiadicum, (5)
Femoris, (6) Gluteus Maximus, (7) Fossa Ischionanalis, (8) Gynecological T(8h@&rachytherapy
Needled© TUM-MIMED, 2012 MRI data from(Egger et al., 2019

In the publicly available MR data setwhich have been used fohis thesis(Egger et al.,
2012¢, the depiction of the rectum/sigmoid colon strongly vaagesan be seen Figurell.

From each dataet to another, its shape, size, slice thickness and grey value distribution alter
in no predictable manner.
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Figure 11: Depiction of the rectum/sigmoid colon in several different data sets -ofeightal TSE
MR images Its gpearance alters in shape, contrast and grey value distribution in no prec
manner(© TUM-MIMED, 2012 MRI data from(Egger et al., 2012¢
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Outlining of a tumor andthe adjacent organatrisk, in particular thebladder and
rectum/sigmoid colon, is manually performed in axial view orientesv@@hted MR images.

As mentioned in chapt&.l, patientindividual pelvic organ shape and partly poor soft tissue
discriminationby current imaging technologies prevents comphssed segmentation and
makes it a difficult task for physiciarfRasquier et al., 200.7This inevitably leads to inteas

well as intra-personal variances regarding segmented volumes. Since every segmentation
performance is a subjective task, the segmentation result, besides imaging quality, strongly
depends on clinical experience of the performing physi®@édle and Schlegel, 2002

2.2 State of Clinical Applications

In the clinical routine manual segmentation s8Il considered the gold standard for
segmentation of anatomical structumregeneral and also the rectuiginoid colon(Chang et

al., 201} (Elsa et al., 2010(Birkbeck et al., 2000 Its workflov and usage will be shortly
described in this chapter. Currently available commercial tools which provide segmentation
tools include the Smart SegmentafidiTool of the Varian, Inc.

2.2.1 Manual Segmentation

Slice by slice mnual outliningof anatomicaktrudureswith little computer assistance tise
standard methodology for clinical segmentation tasks. In some cases it can be necessary to
outline as many as 10 anatomical structures in more than 50 image slices, making it a tedious
time consuming tasiBille and Schlegel, 2002

Moreover, manual segmentationsi#ll considered the gold standard and the widely accepted
reference method faomparisons between differes¢égmentatioomethodologiesAlthough
manu& segmentation istime consuming and prone to high inteand intraobserver
variability, until today no computeassisted methodology exhibits sufficient robustness and
reproducibility to be taken as a standard reference ing@aang et al., 20)1(Elsa et al.,

2010 (Birkbeck et al.,, 2000 This lack of an objectivecomputerbased segmentation
standarccauses manual segmentations continuously used as the only methodologytat hand
compare segmentation algorithms, although manual segmentation itself is highly subjective,
strongly depends on individual clinical experiemédhe performing physicianand exhibits
difficult reproducibility (Bille and Schlegel, 2002

Egger et al. compared manual segmentatiorggiaiblastoma multiformdorain tumors in MR

images performed by threeffédirent physicians to estimate inteand intravariability. To

estimate intravariability a physician was asked to perform the same segmentation within a
period of two weeks. The result revealed a DSC of 90.2H8%for thesamep hy si ci and s
different sgmentations. The segmentation of two other physicians was compared to the
segmentation of the first and revealed a wvtibility in the DSC values d88 + 6.08%and

86.63+ 6.87%(Egger et al., 2013 Theseresults show the difficulty that lies within manual
segmentatioreing used in clinical daily routine and its use as reference method to evaluate
segmentation algorithms.
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Figure12 Sequence of a manual segmentation of the m#stgmoid colon by using the Draw Effe
Tool included in 3D SlicefThe object in (1) is outlined slice by slice by a draw effect tool (2), (3)
the enclosed area is stored (@ TUM-MIMED, 2012, MRI data from(Egger et al., 2012

As an examplemanual segmentation will be shortly illustrated by Braw Effect Tool of
the open source software packekje Slicer (Slice-rCommunity, 2013awhich is used for
research purposes at t hseFBureldyham & Womends H

Figurel2illustrates a sequence of a manual segmentation in a single slice. The user outlines
the object contour and the enclosed pixel area is stored. After all slices are segmented and
organ contoursre stored separatelyhe 3D volume of all objects is calculatdeigure 13

shows the calculated volume of the relevant orgamisk in gynecological brachytherapy,
rectum/sigmoid colon (blue) and urinary bladder (green), as well as the tumor (red).
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- (3)

(1)

|

Figure 13: After outlining of all respective organ slices, the volume is calculated and displaye
Rectum/Sigmoid coloim blue (2) Tumorin red (3) Urinary Bladdein green(© BWH-SPL, 2012,
MRI data from(Egger et al., 2013

2.2.2 Commercial SegmentationTools
Smart Segmentatiort™ Tool of Varian, Inc.

The Varian Medical Systems, Inc. offers a software package Etfipsieis a treatment
planning software for radiation therapy planninmcluding electron protorr and
brachytherapyVarian, 2013. It is also used at BWH for treatment planning of interstitial
brachytheapy treatment planning described in detail in secBidn3 Within the Eclips&
software package the software tool Smart Segmentation® for contouring applications can be
found. This tool is an automatic segmentation toolafeatomical structures and uses a-rule
based algorithm approach with anatomical reference points and-spgaific segmentation
methods. It was specifically developed for the evaluation cb&3ed images. The course of
segmentation is as following. Firat presegmentation step finds body outlines as well as
bones and lung equivalent tissue, separating the body volume from the. Thereafter follows a
step for detection of the anatomic orientation which determines the patient position, patient
gender and theespective body region. In the last step follows structure segmentation which
tries to localize reference points, outlines specific organs and refines the result.

The algorithm has been clinically evaluated by comparison to manual segmentations of
severalclinicians and radiation oncologist and a data set of 600 CT images. The qualitative
and quantitative analysis of the algorithm proofed its efficiency and its usage can lead to a
time gain for the segmentation of the prostate and the bladder.

Although rolustness and time saving potential could be shown, manual corrections of organ
outlines had generally to be performed. The outline of the rectum proofed to be especially
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challenging and required further improvemeiitise result for the segmentation of thadaer
was considered bet we eorthé eotumedhe Iresult tvas comsiddredii g 0 o
Aacceptabl eo t(HaasetajoHaasetat, 209&Hayskers ét al., 2008

2.3 State of Research

Various fully automatic as well as interactive seautomatic segmeation tools have been
developedto this date. They are based on distinctive mathematical theories and exhibit
characteristic user workflows and parameter handRegionbasedapproaches investigate
grey values in interrelated regions, whereas cortesed approaches detect objeontours

and try to track them. Gragtased methods are a fairly new methodology where a graph is set
up, grey valus sampled determine itsdgesweightsand a minimizatioralong the graplis
calculated to find an object contolAn overview abouthe current state of research on
segmentation tools and their mathematical principles is given in this chapter.

2.3.1 Region Growing

In the methodology of region growing the grey values of pixels are examined and according
to predefined rus, the respective pixels are successively labeled as part of the object or part
of the background. This is repeatedly performed over every pixel until the whole image has
been segmented and each pixel has been gromedes, 2012 Generally in a first step
features are extracted neglecting possible object contours. Thereafter follows a preliminary
segmentation. With the knowledge of the preliminary segmentation all previexiscted
features are calculated anew. This scheme of alternating feature extraction and segmentation
is repeated until it converges against a steady rekiline, 2006

Region growing algorithms are often used in combination with seed points which can be set
by the user inside the object or outside into the background llinitiae algorithm starts its
iterative labeling around the seed point area with information provided by these.

Two methodologiebased on region growingill be further explained in detail.

Simple Region Growing

The simple region growingCommunity, 2013 algorithm is based on a statcsti region
growing scheme which accepts one or severatdisined seed points as input. Starting with

the area around the seed points a statistical model of the foreground consisting of the mean
and standard deviation of intensity is computed. Thisssizdi model is transferred into a
scalar threshold range using the mean intensity of a seed point plus or minus a multiplier of
the standard deviatiomfter this computation the result can be refinedrégalculating the

mean and standard deviation, wdnafter a new segmentation is calculated.

Besides providing seed points, the user has to handle several parameters to control the
algorithm expanding it to more than five degrees of freeddmsmoothing iterations
parameter and #@me stepparameter def the smoothing parameters. The segmentation
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parameters are comprised ohamber of iterationsa multiplier and a neighborhood radius
parameter.

The algorithmhas been tested on theailable brachytherapy MRI data by trying to segment

the rectum/sigmoiaolon. The computed result can be seefigure14. In a first step two

seed points are set inside the object. Thereafter the algorithm computes a segmentation result.
It can be seen that the algorithm stronghpmects neighboring areas of like intensfythe

seed points. This causes darker as well as brighter areas of the rectum to be spared and
excluded from the segmented area. On the other hand, areas of like intensity to the seed points
are falsely includedh the segmented area. This phenomenon is known as leaking regarding
region growing based algorithms and appears where the labeling criteria is not specific
enough to clearly discriminate object and background afdeseby poor contrast around

organs ontours can resuih leaking of the growing area, letting the segmented area reach far
beyond the actual object contoflitgger et al., 20139l(Vezhnevets and Konouchine, 2005
(Heimann et al., 2004
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Figure14: Segmentation result afie rectum/sigmoid colon by theimple region growing algorithir
(1) Raw image, (2) First Seed Point, (3) Second Seed Point, (4) Segmentation(ReSUIM-
MIMED, 2012 MRI data from(Egger et al., 2012

Although leaking can be limited by cnoipg a certain area around the region of interest where
the algorithm is working, the effect will persist and the quality of the resghrding the
region of intereswill not be affectedr enhanced

Grow-Cut

The GrowCut algorithm is a semautomaticinteractive region growing algorithm. It uses
cellular automata and user defined initialization scribbles as idjpssesand is further
described in(Vezhnevets and Konouchine, 2009he methodologyheeds a usetefined
background class and can additionally cope wittas®s to segment, determined by different
user scribbles. Based on the useefined scribbles, the algorithm computes a region of
interest enclosinge input areas. Thereafté@rtries to label all image pixels according to the
different input classes and converges when all pixels are labeled. After a first result is
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computed,the user can improve the result by providing further input scribbles where
segmentation is tough and run the segmentation again.

Figure 15. Segmentation result of the rectum/sigmoid colon by the &atvalgorithm: (1) Raw
Image, (2) Cropped Region of Interest, (3) Initialization Scribbles: Background (yellow), O
(green), (4) Segmentation Res{@ TUM-MIMED, 2012 MRI data from(Egger et al., 2012¢

Egger et al(Egger et al., 2013&ave investigaterow-Cut with gynecdogical MR image
data and tried to segmettie urinary bladder, rectum/sigmoid colon and a gynecological
tumor strcture. Siccessful segmentatisof the bladdecould be shown by a Dice Similarity
Coefficient of 91.94+5.4compared to clinical expert manual segmentations. However, the
Grow-Cut methodology did not achieve sufficient results for the tumor and rectunaisigm
colon This is due to their mostly inhomogeneous appearance.

Figure 15 depicts a segmentation of the rectum/sigmoid colon based oiGrhe-Cut
algaithm. Tolimit the computation area and time a region of interest (2) ipefrom the
original image (1). Thereafter follows an initialization with an object scribble (green) and a
background scribble (yellow) (3). In the last screenshot (4) the computed segmentation result
is depicted. In similarity to the simple region growialgorithm, Grow-Cut also exhibits
leaking tendencies and problems segmenting the rectum/sigmoid colon.
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2.3.2 Active Appearance Models

In a segmentatioalgorithm based oActive Appearancéodels(AAM), an atlags used and

prior information is implemented &ia tree structurénto a statistical modelThe tree
represents a hierarchical connection between anatomical structures where eante sub
represents a limited segmentation task. Segmentation solutions are calculated through an
expectatiormaximization ly a conventional classifier.

One example ofraatlasbased algorithm based aata tree was developed by Pohl et al
(Pohl et al., 2007and implemented in 3D Slicer &V Segmentemodule Although it was
specifically developed for the segmentation of brain MR images into anatomical structures
such as white and grey matter, Pohl et al. mention the adaptability of the algorithm to a wide
range of segmentation problersisce a new atlas can be created for unknown problems by
providing pixel samples

EM Segmenter

An implementation of m AAM data tree approach can be found in the 3D Slicer under EM
Segmenter(SlicerCommunity, 2013p and it was applied to the segmentation of the
rectum/sigmoid colon in the given gyaogicalbrachytherapy MR images.

Figure 16: Segmentation of the rectum/sigmoid colon based on a data tree algorithm impleme
the 3D Slicer EM Segmenter todll) Raw image and cropped region of interest, (2) Segment
result of the region of intere€® TUM-MIMED, 2012 MRI data from(Egger et al., 2012

As nohierarchical model of the rectum/sigmoid colon is avddathe model wagsed as EM
Segmenter without Adls which lets the user define a netesbased on pixel samples. Two
types of classes were defined (background and tissue) and 30 pixel samples were provided for
each class to generate an atlas. The result can be sEBejuiia 16 which shows a leaking
tendency oflte algorithmand includes areas beyond the object outline
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2.3.3 Active Contours

Active Contours(Kass et al., 1988 also known as deforable contours or snakes, is a
object segmentation scheme which tries to outline a complete contour of an object. The idea is
to segment an object outline even if the contour might be difficult to define in places due to
lack of contrast or noise. Two iratization methodologies are common. Either a large contour
encompassing the object is shrunk to fit the object outline or a small contour within in the
object is enlarged to match the outline. Basicdhg initial contour can be fairly arbitrary. Its
shape is iteratively evolvedyban energy minimization scheme trying to minimize the external
represented by a degree of object fit as well as internal energy which tries to prevent the
contour from becoming too compléRavies, 2012

Conditioned by the continuous enhancement of the contour, noise and other contour
imperfections can be compensated. Furthermore, so called subjective contours can be found
by active contours. Subjecawcontours do physically not exist in images. However they can

be reconstructed by including information of adjacent objects and the broader image. One
example of a subjective contour is giveriFigurel7 which can be found by aactive contour
approach but is hard to define with conventional approaches such as region diggag

2012).
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Figure17: Example of a subjective contour (1) which can be found by an active contour apprc
Altered from()

Robust Statistics Segmenter

One example of a segmentation methodology based on active contours is the Gadk aif

al. (Gao et al., 2012 An implementation of the algorithm is included in 3D Slicer as Robust
Statistics SegmentéRSS)(SlicerCommunity, 2013t The user can initialize the algorithm
by providing several input contours or scribbles. Tatteg se\eral parameters have to be set.
Those parameters encompass the approximate volume, intensity homoddoelt],

boundary smoothneds[0,1.0]€ [0,1.0].

The RSSwas tested to segment trectum/sigmoid colon in thavailable gynecological MR

image data which is depicted kiigure18. Toinitialize the algorithm two seed contours have

been provided as object (green) and background (yellte).segrantation result is &picted

asblue area. It is considerably better compared to the results based on region growing or data
trees, because the segmented area stays within the provided background contour (yellow) and
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leaking is thereby prevented. Setting the parameterseasnable values howevers
considerably difficuliand demands a notable amount of time.

Figure 18 Segmentation of the rectum/sigid colon by an active contouradel implemented in th
3D Slicer Robust Segmenter to@l) Raw imag, (2) Cropped region of interest, (3) Initialization w
2 label maps, (background: yellow, object: green),(4) Segmentation {@stilM-MIMED, 2012,
MRI data from(Egger et al., 2012

2.3.4 Graph Cuts

Modern computers are capable of hargllidexterous computation tasks and it is that
nowadays more complex algorithms can beed for image segmentation. One example of
thosearealgorithms based on graphs. They have been applied to various fields such as stereo
reconstruction, image segmentatiomultiview reconstruction or planar shape matching
(Schmidt et al., 20091n particular several medical imaging segmentatidrestes based on
graphs have been proposed and employed to brain and other MR (ileggeset al., 2013c

(Egger et al., 2012dWels et al., 2008(Rother et al., 2004Birkbeck et al., 2000

The basic concept is the modeling of the image as a weighted, undirected grdph e gr a p h ¢
nodes or vertices are represented by pixels or pixel groupshandgeights between those
nodes are determined by the likeness of neighboring pixels. To separatgeittefrom the
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rest of the imaga minimal cut is calculatedhis is an energy minimizationmelated problem
and can be formulated as an instance of a maximum flow problem which in turn is equal to a
minimal cutof the graphi(Boykov and Jolly, 2001

The segmentation scheme presented in this thesis is based on graphs and a detailed
description follows in chaptes.

2.3.5 Interactive Methodologies

In this thesis a novel interactivand iterative graphbased segmentation algorithm is
presented. The need for interactive segmentation methodologies is rooted in the fact that until
today no fully automatic methodumy delivers guaranteed robust resyN®zhnevets and
Konouchine, 200p It is therefore thatsemtautomatic orso called interactive schemes
become more and more popular as they allow the user to directly influence the segmentation
result where it is particularly hard to calculate for the comp(iekbeck et al., 2009(Egger

etal., 2012p

In this chaptewariousrecentinteractive methodologies and workflows will be presentéua:
focus will lie onthe realization ofnteractivity anduser workflow methodologgeand less on
the underlying mathematical algorithnMoreover, the field of applications is extended from
medical images alone to gengpakrposes including photographical applications

The interactivity of most recent segmentation schemebmited to nitial userdefined
scribbles. The user starts by providing several scribbles to define object classes and
background areas. The algorithms then calculates a segmentation result which ttenuser
enhance by providing more detail scribbles in areas wiheresdégmentation is difficult and

run the algorithm again. This kind of interactive user workflow strongly edels/orkflow
presented for GrovCut (see Chapte?.3.]) and Robust Statistics Segmenter (see Chapter
2.3.3.

Further examples can be found time work of: (Boykov and Jolly, 2001 (Artan, 201}
(Delong et al., 20D1(Ding and Yilmaz,2010 (Kulkarni and Nicolls, 2009(Nickisch et al.,
2010 (Phan and Androutsos, 201(Sindeyev and Konushin, 20p8Wang etal., 2007
(Doria D., 2010 (Lechse) 2007 (Mannar) (Steger and Sakas, 2012

Little alterationsof the described schenman be found in the work qRother et al., 2004
wherethe user drags a bounding box abit region of interest in a first step. Thereafter the
algorithm computes a sexgntation result which can be improved by providing user scribbles.
In the work of(Steger and Sakas, 2Q1the user provides a seed point fographbased
appro&h. After thesegmentatiorresultis computed,t can be enhanced kyetaileduser
scribbles.

Figure19illustratesa workflow wherethe user provids scritbles to define object classes and
background areas.

In the approach of Blke et al.(Blake et al., 2004the user draws along the object contour
with a fat pen tool. The algorithm automatically tries to fthd object outline in the given
pentrail. Similarly, in the approach presented Biykbeck et al.(Birkbeck et al., 200Pthe

user sweeps a brush or lasso tool coarsely along the object contour. The algorithm
automatically calculates a segmentation in the underlying traiF{geee20, (1)).
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Figure 190 Common interactive segmtion methodologies where the user provides ir
information by class scribbles: (1) object (green), background (yellow), (2) object (red), back
(blue) (© TUM-MIMED, 2012 MRI data from(Egger et al., 2012

Jackowski et al(Jackowski et al., 199%resented a methodology where in an automatic
segmentation scheme based on thresholding an object contounds fdang the calculated
outline so calleatontrol points ee placed in constant distance. The user can interactively drag
those control points to improve the segmentation ré¢dattkowski et al., 1999seeFigure

20, (2)).

Figure 20: lllustration of interactive segmentation methodologies: The wser drawsthe object
contour with fat brush tool, contour is automatically calculated within this trail, (2) User can im
automatic segmentatioesult (yellow line) by dragging object control points (yellow d¢&)TUM-

MIMED, 2012 MRI data from(Egger et al., 2012¢

Although the user can initialize scribbl@asedalgorithms with arbitrargtrokes and improve
the calculated resulvith further input scribbles, eventuallye has little influence on the
computation process or the calculated reaMithin the presented methodologies only the
approach of Jackowski et al. enables the user to directly influence the resulting objaat conto
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2.4 Overview

In summary, the stated problem is definedtbg absence of computassisted tools to
support physicians in the progress of segmentation of tumor tissue and-atrgaks This
leads to a time consuming manual task which every developklda®to be evaluated against
to proof itstime-wise benefit. Furthermorghe computeassisted segmentation area has to be
evaluaed against manual results regarded as the gold statalaredict its robustness and
guality. Various segmentation methodgies have been developed, an overview about their
advantageous and disadvantageous will be shortly given here.

Region Growingprovides a simple basic concept to perform image segmentation tasks that
can be implemented comparatively eadiamdi and Krishna, 2031 However, region
growing algorithms can be become complex in practice and have to be computed iteratively.
Thereby local as well as global calculations have to performed, which causes each pixel to
undergo seval examinations and makes those algorithms very computation intensive
(Davies, 201p Another disadvantage of region growing algorithms is leaking, which can be
caused by noise or weacontrast poor edges that cause oversegmentation of an area
(Vezhnevets and Konouchine, 200&leimann et al., 2004(Davies, 2019 (Egger et al.,
2012h.

Active appearance models otlagbased algorithms are advantageous in cases where
repeatedly anatomical structures of a similar texture and shape have to be segmented. The use
of an atlas can improve the segmentation result where only poor knowledge about pixel
intensity relationships arknown, e.g. contrast poor edges or noise. Furtherriag can be
advantageous in clinical practices where morphological comparisetvgeen anatomical
structures opatients can easily be pemfioed. Disadvantages of atlhased algorithms are the
excesive time to create an atlasecause iterative steps or magid registrations might be
necessaryKalinic) (Cabezas et al., 20L1Additionally, patient to patient shape differences of
anatomical structures, e.g. the tten/sigmoid colon, vastly limit thereation and further

benefit of an atlas. Segmentation approaches for malignancies pose another problem, because
malignancies such as brain tumors can appear in different locations in arbitrary shapes which
makes the cidion of a general atlas very difficult.

One advantage of active contours is the mentioned ability to find subjective contours, that are
physically not existing(Egger, 2012 Although they are computationallyffieient to
implement, they mightonverge to a local minimum instead of finding tilebal minimum

during the iterative segmentation proc@sgger, 2012 (Lechsel, 200y

In contrastto active contours, graph cut algorithms present an efficient way to compute a
guaranteed@onvergence to the minimum of a global energy fundtizewvies, 2012 (Egger et

al.,, 2012h. One of the disadvantageous is their limited flexibility, because the only
changeabl e parameters are the (dezhaqvdisoand wei g
Konouchine, 2006

The user input scribbles as well as presented fat pen tool input provide a simple and intuitive
interactive methodology. However, the eventual control over the algorithm and resulting
object are very limited, because the outline cannot directly be influeffmean, 201)
(Delong et al., 20D1(Birkbeck et al.,, 2000 (Blake et al., 2004 Only the approach of
Jackowski et al. with its control point methodology provides true control over the
segmentatiomesult, because the control points can be manually dragged and placed. On the
other hand, more effort is needed until a sufficient result is regdaekowski et al., 1999
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Examplesof research resulare given for vertebra segmentationZinkic et al. (2012 where

an average DSC of 78% was achieved and the methodology could be shown to outperform
other methodologies Neubert et al (201) developed a fully automatic segmentation
methodology fowvertebral and intervertebral bodies. They considered their result of DSC 85%
forvertebraagiver y goodo, itnhtee rDvSeCr t8elb% alorbodi es as

In brainimage segmentatiorRohl et al. (2007 achieved DSC values ranging from 70%

86% and consi der ed tCGiheriresultsasBabalblaet ala(2008wdghuai t e  h i
DSC value of around 80% and Hausdorff distance of 3ridmm, Khotanlouaet al. (2009

with a DSC of 90% and HD of 4,92mnCorsoet al. (2008 with a HD of 3mmi 127mm.

In Martinezet al. (2012 a model based approach on the prostate, bladder and rectum in CT
images yielded a Hausdorff distancesb®@8+2.2mm for the prostate]9.09+3.1mm for the
urinary bladder and@.52+2.3mm for the rectum. The results were considéred e | iaacdb | e 0
outperforming théest multiatlas based approach

Regarding clinical applications, manual segmentation is considered the gold standard,
although it exhibits a high iraras well asintevarigb i | i ty and strongly dej
clinical experiencéBille and Schlegel, 20Q02Chang et al., 20)1(Elsa et al., 2010 Intra

analysis of two manual segmentations was also investigategdmsr et al. (2013 For brain

tumor imagesthe DSC value for two versions of the same physician revealed 90%, the
comparison among versions of the different physicians revealed 88% and 86%, respectively.
Other publications concerning intra observer variability(Btea et al., 201 etteboer et al.,

2004 Prastawa et al., 20p4

The Varian, Inc. Sart Segmentatidif tool could proof its efficiency and time saving
potentialand is part of the commercially available Eclipse&tware for treatment planning

However, in most cases manual corrections of the fully automatic algorithms have to be
performeal. Furthermore due to its mostly inhomogeneous appeargheerectum proofed to

be especially difficult to segmeni a validation through 600 data séittaas et a).(Haas et

al., 2009 (Huyskens et al., 2008(Egger et al., 2013alIn Huyskenset al (200§ the
commercially avadble Varian Inc. Smart Segmentation® tews evaluatedby comparing

automatic and manual segmentation results in a first step and asking clinicians to group the
automatic result in eitheexcellent(no manual modification needed)pod (limited nr. of

slices need modificationacceptable(several slices need modification) pnot acceptable

(result considered useless) in the next step.alibematic result which yielded@SC of 73%

for the prost agtoeo dwatso cadeocsbepbtaidbel debGhof 90% was
achieved and the aut oemxacte Icl e nefoubedrecpwmaesDdSC o n s i d
of 52% was achieved and t haec caeupttoanba tei ct or ensout!l tz:

In the evaluation of the Varian Inc. Smart Segmentati@@diven inHaas et b (2008, the

time for the algorithm to calculate a result, not including potential manual corrections, is
targeted at 2 minutes to represent a time saving potential.
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Tablel: Overview of the advantages and disadvantagedinical applications, segmentation algorithms and interactive methodologies in research

State of Clinical Applications

State of Research: Segmentation Algorithms

State of Research: Interactive

Methodologies
Manual Varian, Inc. Region Active Active Graph Scribbles | Pen Tool Control
Smart Growing Appearance | Contours Cuts Points
Segmentation Models
1 Segmentati|y Efficiency 1 Simple 1 Work even | Find i Efficient |1 Simple | Simple i Exact
on gold proofed concept with poor physically computat| input 9 Detailed control
standard | Time saving and knowledge not existing ion 1 Fast outlining over
n potential implement about pixel subjective | Guarante|] Intuitive input segmental
& ation intersity contours ed possible ion result
g relationship | Computatio converge
g 1 Mostly nally nce to
3 applied for efficient minimu
repeatedly m of
same global
structures energy
function
1 Time 1 Manual 1 Computati | Time 1 May 1 Low 1 Little 9 Limited |f Relativel
consuming corrections on consuming converge to | flexibilit influenc influence y time
é 9 Intra and have to be intensive atlas a local y, only eon on consumin
s inter performed 1 Possible creation minimum gr apl segmentf segmental g
g variability | Segmentation leaking at |1 Objects of weights ation ion result
= 1 Resource of the rectum contrast high shape, and cost result
_8 inefficient especially poor location and function
& challenging contours texture can be
variability altered
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(Bille and (Haas et a). (Davies, 2012 | (Pohl et al., (Gao et al., (Egger et | (Artan, (Birkbeck et| (Jackowski
Schlegel, (Haas et al., (J&hne, 2006 | 2007 2012 (Egger, | al., 2012¢ | 201)) al., 2009 etal., 1999
= |2002 (Chang | 2008 (Huyskens |(Heimam et (Kalinic) 2012 (Wels et (Delong et| (Blake et
2 letal., 201} et al., 2008 al., 2004 (Cabezas et al] (Lechsel, al.,, 2008 |al., 201} | al., 2003
S |(Elsaetal., (Vezhnevets | 201)) 2007 (Boykov (Ding and
© 12010 and and Jolly, | Yilmaz,
Konouchine, 200)) 2010
2009
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3 Interactive Graph-Based Segmentation

3.1 Task Definition

As described in sectiof.1.2 and sectior?2.1.3 in the course of Image Guided Interstitial
Bradhytherapyparticularly and Radiology Tratment Planning in general, a crucial step in
planning the applied amount and distribution of radiation is the segmentation of the tumor and
adjacent organat-risk potentially exposed to radiatiowith the gained ® information of

the tumor and adjacent OrgaAtRisk the positioning of the interstitial brachytherapy
needles iscontrolled and the loading with individual radiation sourcesf each needle is
calculated to accomplish an optimal radiation distributiontlee tumor while sparing or
limiting exposition to radiation for the Orga®d-Risk. This delineation of anatomical
structures is mostly conducted manually by a physician with little computer assistance and
represents a timeonsuming task in the progresisplanning radiological treatments.

Due to its inhomogeneous appearante, tectum/sigmoid coloas an orgafatrisk, has
proven to be challenging to segment for fully automatic segmentation Tdwsefore, the
rectum/sigmoid colon is segmented mahuad clinical daily routine which represents a time
and resource consuming tadla support clinicians in the course tbis delineationtheaim

of this thesis is to develop an interactive segmentation methodfwoglge rectum/sigmoid
colon.

The methodlogy is based on a graph network which by virtue of a calculated minimal cut
through the graph network can find the object outlhk® mast fully automatic segmentation

tools struggle with leaking in the progress of the segmentation of the rectum/sigvtand

the methodology has to show robustness and limitedness to leaking effects. Additionally, it
has to allow direct and comprehensive control over the segmentation result in each slice by
simple user interactions to improve the segmentation result wieesdgorithm is challenged.

The evaluation of the segmentation methodologiyl be done bythe Dice Similarity
Coefficient (DSC) and Hausdorff distance (HD). For segmentation algorithms in the medical
imaging domain DSGralues ofaround80% are common anhconsideredsuccessful (see
section 2.3.5)

In regard of the valuementioned in section 2@bmmonfor the medical imaging domaand

the results ofMartinez et al. (2012 and Huyskenset al (200§ directly considering the
rectum, a DSC result of around 80% and l@D7,5 mm can be considered successful.
Furthermorejn the evaluation of the Varian Inc. Smart Segmentation® tool givetaas et

al. (2008, the time for the algorithm to calculate a result, not including potential manual
corrections, is targeted at 2 minutes to represéime saving potential.

3.2 Expected Advantages and Characteristics

Fulfilment of the formerly mentioned requirementsll cause a valuable time saving
potential and thereby discharge from tedious manual segmentation tasks for the performing
clinician. Evetnually, it will open the clinician time for direct patient treatment, than
monotonous delineation tasks.
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With workload time saving for the clinician comes saving of costs for expensive medical
human resourcaa the medical sector

Interactivity, few paramter inputs and direct control over the segmentation result by simple
user interactions can increage acceptance ofegmentation toslamong ahical personal

and increase theuse in daily clinical routine. Until today segmentation tools often laaggeth
features and are complex in their handling methodologies because of extensive numbers of
input parameters and demand excessive initial training.

The developed methodology can be transferred to other fields of segmentation in the medical
compound that noved to be challenging to segment, e.g. gynecological tumors or brain
tumors. A more general context of application could be object segmentation in digital videos
or photo sequences.

3.3 Solution Structure

In this section the basiconcept of the developecdgmentation scheme will be described
generally The following section3.4 will describe the computational implementation and
mathematical principles in further detail.

Figure2lillustrates the firstteps of the algorithm. For a given object to segment (1), the user
traces the object outlineurely manual2). The drawn contour (yellow) will be scaled by a
specific factor and serves template foa next slice wherethe segmentation is performed
semtautomatically(3).

%
.\" 1‘ / b
™8 i
(1) Ny

()

Figure21: Object outline (1), drawn user contour (2), scaled user contour serving as temp{&te
TUM-MIMED, 2012)

After the contour has been drawn and scaled, the user skips to a next slice whereandeviati
from the drawn contour occursee Figure 22 (4)). The user seta seed point which
determines the template position (5). With the information of the seed point and template a
segmentation result is calculateglsed on an undging graph networK6).
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\/

Figure 22 Scaled contour serves as template for a segmentation (4), template pos
determined by useatefined seed point (5), segmenation result is calculated©(G)UM-
MIMED, 2012)

(4) (5) (6)

The calculatd segmentation contour (sdégure 23 (7)) will serve as template for the
segmentation in a next slice (8). The basic idea of this methodology is to dynamically adopt
the template which frames the area where the segmentationfesnped. The dynamic
process of the template starts with the «@wvn contour in the first slice and alters its shape
depending on the segmentation result in successiaga slices. This methodologyables

the algorithmto adapt to altering object shepin the region of interest (ROI), but also to
spare disturbing objects from the ROI.

Figure 23. The calculated segmentation reqigtey) (7) is scaled and serves as template for a |
segmentatioifblue) (8) (© TUM-MIMED, 2012)

3.4 Solution Processes

This section will go into detail of thenplemented process and further explain the user
work flow (see sectior8.4.1) andthe structure of the implemented network (see section
3.4.2. Furthermore the information flow of the presented methodolo(pee sectior8.4.3

and source codstructure(see sectiorB.4.4 are explained in detail. Thereafter follows a
descripton of the underlying mathematical implementations of graph networks (see section
3.4.95 and its application otheimage segmentation task (see sec8cghf.

3.4.1 User Workflow

The user workflow of ta presented segmentation algoritbonsists of several steps aisd
fully illustrated inFigure24.
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Trace Object
Contour

A4

\ 4

Skip Image Slice

End of Slices?

Yes—\o» Voxelization
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Template to
Contour?

Set Seed Point

Cut Satisfying?

A

Deviation? Major
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| | Drag Contour Medium Draw Object
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Figure 24. User workflow of the presented interactive segmentation algariirst, the user trace
the object contour. Second, the user skips to a next slice and determines if a deviatiodrawrit
contour occurs. If not, the user skips to a next slice. If yes, a seed point is set and cut calculat
result is satisfying the user skips to xinédf not, the user can either drag a contour point, drac
seed point or reinitialize by redrawing the object con{@uTrUM-MIMED, 2012)

First, the user traces the contplecontour of the target object in clockwise or counter
clockwise direction.Figure 25 illustrates thisstep in an exemplary slice=0, where
O<x < % W rwithnbeing the number of all object slices
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Figure 25: User traces object outline iricg nr. Q (1) 7 (3) (© TUM-MIMED, 2012, MRI data from
(Egger et al., 2012

Thereatfter, the user skips to a next slicex or 0+ y (seeFigure26, (4), (5))whereeither

the end of the segmentation process can be deteriminedurther segmentation is necessary

or the segmentation process can be continued. If the end is not reached yet, the user continues
and has to evaluate if the drawn contour deviates from tleetodjitline in the current slice.
Therefore, the user drawn contour is shown in various slices deepltte easy comparison.

Slice 0 +x: Slice0 +y:

"

Figure 26. User skips slices wheneo noteworthy deviation from thiast contour occur§®© TUM-
MIMED, 2012,MRI data from(Egger et al., 2012

If no noteworthy deviation occurs, the user skips to the next Jllue feature is particularly
important in the context afomparatively small images sliteicknessese.g. 1.6mm. With a
small mage slice thickness, the change in shape of the object is relatively limited from one
slice to another which makes skipping of slicebere no large change in shape occars
valuable time saving feature in the segmentation process.

If the user skips tlmugh the slices and reaches a slice where a deviation geaySigure27
(6)), a seed point can be g&) and cause the algorithm to calculadesegmentation (8)At
this stagethe user can choose between 4 different optitntheideal scenario the calculated
cut is satisfactory and the user can complle¢esegmentation of this slice by skipping to the
next slice.

In case medium size segmentation mismatches occur, the user can interactively drag the seed
point, which causs the algorithm to compute another segmentation resulEi{ges 27 (9),

(10)). If a satisfactory result was computed, the user continues by skipping. This option
represents the most frequent type of improvement. If furtheromements are necessary, the

user can drag the seed point again, or employ additional options of improvement.
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In case minor segmentation mismatches occur at a particular lgc#tienuser can
interactively draga contourpoint and improve the segmentatioesult (seeFigure 27 (10),
(12)). If thereafter the segmentation result is satisfactory, the user continuepfinghko the
next slice. If the result demands improvemehiher enhancementsan be employed.

Slice0O+2z:

Figure27: Deviation from the previous contour (6), user sets seed point (7), segmentation is ca
(8), improvement by interactive dragging of seed point (9), new calculated segmentation resi
interactive improvement of contour llyagging contour control point (11Y© TUM-MIMED, 2012,
MRI data from(Egger et al., 2013

In case of major segmentation mismatcfseeFigure28 (12)), the user can outlintke object
againin the current slie andthusreinitialize the algorithn(seeFigure 28 (13), (14)) This
option of improvement rarely occurs and migherelybe necessary where the object shape
vastly changes from one slice to another, especially at losatibere the organ bends from
the imagez-axisdirecting through the image slices.

Slice0+v:

Figure 28 Major deviation of the segmenation result from the object outline (12), reinitilizatic
drawing new object outline (13), new segmentatiesult (14)) (© TUM-MIMED, 2012, MRI data
from (Egger et al., 2012

After a satisfactory segmentation result was found and the user skips to a next slice, the last
calculated object contour serves as reference to determine a deviaktierctwrent slice.
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After all slices where the object appears have been segmented, the user completes the

segmentation process hytomaticinterpolation of the skipped slices and voxelization of the
final object.

3.4.2 System Overview

The developed segmentatialyorithm consists of tawmain components illustrated kigure

29. The main component ia C++ projectinteractiveCutdeveloped in Microsoft Visual

Studio which realizes the graph cut approach as well as parts of the intenaetineelology.

In the C++ project embeddesithe publicly available max flow/min cut library developed by
Boykov and KolmogoroyBoykov and Kolmogorov, 2004Kolmogorov, 201). It provides

several classes and methods to setup a graph network and eventually calculate a minimal cut
of the given network. The algorithm is further describeskeiction3.4.5

Hausdorff

e Distance

R
S

Visual Studio MeVisLab

Nrrd .
3D Object \
InteractiveCut

DLL
Boykov

MinCut Nrrd Object

Library ’ Contour

l Image

Nrrd
Nrrd

R

Manual

. Data Type
Segmentation

—_—

Evaluation

G ]

Figue 29 System overview: The C++ codes of the InteractiveCut and Boykov Library
implemented in a Microsoft Visual Studio project, which is embedded in a MeVisLab networl
MeVisLab network imports the image and manual segatiemt and exports the object contour &
voxelized 3D object© TUM-MIMED, 2013)

The InteractiveCutsource code is embedded into a MeVisLai®&VisLab, 2012 network
environment. MeVisLalprovides a modular framework for the development of medical
image processing and visualization tasks. New C++ algorithms such &sterectiveCut
code can be integrated into MeVisLab throumynamic Link Library(DLL) file. The
MeVisLab network loads the image file asNearly Raw Raster Dat#éNrrd) file. The
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segmentation results in form of the object contour slices and voxelized 3D objegpateex
as Nrd files as well.

For evaluation purposes of the segmeataflgorithm additional manual segmtion data
can be imported asri file and compared to thalgorithmic segmentation. Results ae

Dice Similaity Coefficient as well as Hausdorff distance. Both coefficients are further
described in sectiof.1

3.4.3 Network

The network implementation is based on MeVisLab® version 2.3.1 with Qt version 4.8.0
(MeVisLab, 2012 The MeVisLab network is structureid seven distinctgroups which
consist of predefined MeVisLabodules The complete network is given igure30.

(7)

(6)
(3)

(5)

(2) ()

(1)

Figure 30: Implemented MeVisLab® network consigy of 7 disctinct groupg© TUM-MIMED,
2013)

The network modules generate a specific information flow through the network which
handles all user interactions and segmentation calculatttmge 31 presents an illustration
of this information flow through the network.
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Figure 31 lllustration of the implemented MeVisLab® network and information fl@ TUM-
MIMED, 2013)

The information flow is as following. After the image file is loaded, the imagaisferred

to thelnteractiveCutmodule. This module represents the core of the network and incorporates
the C++ code viall file. Besides the image file input, the module importsarkerlist
representing the user drawn contour from thger Contourgroup. A markerlist is a
MeVisLab specific class which handles arrays of 3D vector positions.

The User Contourgroup (seeFigure 32) handles alinformation exchangbetween the user

and thelnteractiveCutmodule(seeFigure 34). For instance, it transfornthe contour drawn

by the user into a polygon consisting of vertices which are passed toténactiveCut

module as markerlist The group also handles the user provided seed point position and
interactiveseed point movements and passes this information totéractiveCutmodule It

also updates the graph template shape in case the object contour points are dragged for
improvement.
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Figure32 User Contourgroup (4) handling s interactiong© TUM-MIMED, 2013)

With the information of the image, the user drawn contour and a given 3D seed point position,

the Interactive Cut module generates a graph network with the provided seed point at its

origin and the shape of the user wracontour Thereafter, according to the graphs nodes,

image voxel grey values are sampled and the graphs edges weights are determined. The
weighted graph is then evaluated by the Boykov max flow/min cut algorithm to calculate the
object segmentationThe InteractiveCutmo dul eds cal cul at iepasssde g me n't
back tothe networkinto the Marker group (seeFigure 33). The output comprises several
markerlistsincluding the current seed point, the graph template inherivel tihe user drawn

contour, the graph nodes and finally the graph nodes which are part of the calutiated

Figure33: Marker group (2) handling all calculated marker outg@t3 UM-MIMED, 2013)

The cut nodes are passed to tl@bject Contourgroup, which generates eaontour
segmentation objedCSO) from thecut markerlistand handles all updates in case of seed
point or contour point dragging. The sum of all generated CSOs is stored in a CSO list. After
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all slices have been segnted, anautomaticinterpolation is applied to the CSO list to
generate CSOs in slices which have been skipped by the user. The final CSO list is stored as
segmentation result. It is also passed tovbeelizationgroup which renders the CSO list in a

3D object.

The Work Paneimodulehandles all visualizations. In thisodulethe mage is shown as well
asseed poirgand segmentation resultaurthermorethe Work Panemodulehandles all user
interactions. Here, the user draws the object contour, batpErforms all improveents of

the segmentation result in form of dragging the seed point, dragging the object contour points
or reinitializing the algorithm with a new user drawn contour.

Edit Graph Marker

Figure34: Work Panek3) group,InteractiveCutmodul andmage loadmodul (1)(© TUM-MIMED,
2013)

For evaluation purposes thwvaluationgroup receives the sum of all object contours in form

of a CSO list and evaluates it against the provided manual segmentation data to calculate a
DSC valueand Hausdorff distanc&8he DSC value and Hausdorff distance, together with
their implementations are described further in sectién

3.4.4 InteractiveCut Module

ThelInteractiveCutmoduleC++ source code can be partitioned inexg¥ distinct states where
each state fulfills a specific task and executes individuattions The module itself is
designed as observer module where a MeVisLab specific mettaodilé notification) is
called each time on changes of the input fieldss Ehables the design of theractive user
workflow. Depending on the user input, the program transits from on state to another to fulfill
the segmentation tagkeeFigure35).

The sequence starts and transits intoGle¢ Use Contour state as soon as théser Drawn
Contour is available. TheGetUserContour( )function loads and casts the input contour.
Additionally, a flagTemplateFlags setfalseto indicate the use of the user drawn contour as
graph template.

At the time tle user has skipped slices and set a seed point, the program transits @b the
Templatestate. Here, th&etTemplate(TemplateFlagynction, depending omemplateFlag,
decides if the user drawn contour or lagt contour is used as template. On thdestxit,
TemplateFlags settrue to enable the use of the calculatedias template in a next slice.
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Figure35: State transition diagram of the implementetractive Cutsource codé© TUM-MIMED,

2013)

The stateCalculationsShapeperforms various calculations on the providmshtour which

are described in detail in sectiBm.6 First, all the contoumarkers are sorted in clockwise
order. Thereafter, the centroid of tb@ntourpolygon is calclated to determine the seed point

position. From the seed point position the contour is scaled homogenously xythEne
which results in the actuglshape of the graph template.

With the information of the seed point and template position, the S@lieulations GV
samples grey valuen the seed point area and template location to gather information of the
object grey value distributiohose values are used to determine the graphs weights in the

next state.

In stateSetup Graphthe current seed pu position isspecifiedin a first step. Thereafter, the

nodes of the graph are distributed to create the graph network over the image. The edges

bet ween

t he

gr ap h 6 s ndingooth sasnpleal IGY¥ between ghbsedesd

5C
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After the creation of th graph network, it is passed to the Boykov library where the minimal
cut is calculatedThe calculated minimal cut result is pushed back to the MeVisLab network
asmarkerlist together with the seed point, template and graph nat&erlists.If the cut 5
calculated successfully, the program waits for further user input.

In case the seed point is dragged for improvement, the program switches baclS¢tutine
Graphstate where a new graph network is created depending on the new seed point position.
Note hat the graph template stays the same, although its location is altered depending on the
seed point shift.

In case a contour marker is dragged, the contourpdated externally in the MeVisLab
network. However, the template shape is updated, such thaaltdred shape of the
segmentation result is used as template in a next Shaxeafter if the cutis not satisfying
the user can drag the seed point to generate auew case theutwas satisfying the user
continues to a next slice.

In case a newcontour is drawn by the user, the current template is deleted and the new
contour drawn by the user is taken over(reaw) template.Additionally, the flag Template
Flag is setfalseso that the user drawn contour is taken as template instead of thet last

As soon as a satisfyingut is calculated the user continues the segmentation process by
skipping to a next image slice and setting a new seed point. Thereafter, the program transits
into the Get Templatestate where the type of template is determidegending on the
Template Flagand the formerly described process repeats in the current slice.

3.4.5 Graph Networks

The following section describes the mathematical principles of graph theory this ithesis
based on. A patrticular focus lies on simple, undeg@graph networks, the paradigm of max
flow/minimal cuts through a graph network and the applied algorithm to calculate minimal
cuts.

A graph is defined by a pa = (V, E) consisting of a finite seif V 7 and a sebf E /i of

two element subsets &f. Therebythe elements v of the s@trepresent the vertices nodes
of the graphand are referred to &8(G) . The elements e of E represent the edigé&sg two

vertices wherebyeg ={v, v} . The set of edges of a Grap@ is referred toE(G). The

number of vertices in a graph is denotedrby|V | and the number of edges loy=| E|

(Jungnickel, 2006 A common way to picture a graph is by depicting vertices as dots and to
connect vertices by lines to depict ed@@fbons, 198b

Simple, undirected gaphs

An edgee={v, v} is considered seltloop if v, =v,. A paallel edge cannot be specified

by its vertices alongbut only by its orderin Figure 36 (right) a graph with a selfoop and a
parallel edge is showm graph is called a multi graph if the graph contains parallel or self
loops It is called a simple graph if it does ramintain parallel edges or self loofiSibbons,
1985.
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In some cases it is advantageouagsign a direction to each edge of a graph. This is called a
directed graph. A simple, directed grapbnsists of an ordered paW(G), E(G) where

E(G) 1 V(G 3V Q. If asimple,directed graph fulfills
(V. vy) e E(G? (v, ¥)e HQG (3.1)

it is a simple, undirected gragknauer, 201} (Figure36 (left)). The course of this thesis will
be restricted to simple, undirected graphs.

Figure 36: lllustration of a simplgundirectedgraphwith n =5 nodesand m =7 edges(left) and a
multi, directedgraph with a paralleédgeand a self loop n =4 nodesand m = 6 edges(right) (©
TUM-MIMED, 2013)

Pathsand Connectedness

Let (e,» ,€) be a sequenc&* of edges in a grapl . If there is a sequence of vertices
(V> ,V,), wheree ={y , V} for i=1 »n, then E*is called awalk. If furthermore
Vv, = V,, the walk is called a closed walk & sequenc&*, whereg is distinct the walk is

called a trail. In case a closed walk exhibits distinct edges, the closed walk is called a closed
trail. In a sequenc&* not only ¢ but also also/; might be distinctwhat makes the trail a

so calledpath.A closed trail wheren2 3 andv; are distinct, excluding, =V, , is defined as

a cycle.RegardingFigure 36 (left), the sé of (1,4,3,5,4,3 represents a walk. In contrast
(1,4,5,2,3,5is a trail. The set ofl,4,3,5 is a path andl,4,3,5,2,1is a cycle.To denote
the length of any of the psented cases the nia

Wiy 2 y2 y» oy, By (32)

wheren represents the length oV .

The concept bconnectivity is a basic idea of graphs and closely related to network flow
problemsand graph cuts, which amgescribed in following sectionsA graph G, Ais
considered connectaflany pair of vertices out of the se{(G) can belinked by a path. In

case all possible pairs of vertices@ican be linked by a path, then the gradphtself is
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called connectedf two vertices(v,,v,) are comected by a path of lengthh=1 (a single

edge), then those verticgg,,Vv,) are called adjaceigdungnickel, 2005Diestel, 200%.

For a given graplG(V, E) a subgraph is defined as a graghsuch thatv/(H)1 V(G) and
E(H)I E(G) and edges irH are assigned in the same manner tha@ jrthenH is called
a subgraph ofs and denotedH I G. A connectd componentG, of G is defined by a
subgraph with a set of vertic¥g 1 V and set of edgeE, I E, which fulfills two properties:
G, itself is connected ant e(v,, ) ¢ E :\, \(/T V -\(Jungnickel, 2005Diestel, 2003
Figure 37 illustratesa graph G(V) with V =(1,2,3,4,5,6,7,€ and a subgrapie,(V,) with
V,=(3,5,6). Graph G itself is not connected, however donsist of two connected
components defined by tivertices(7,8) V and (1,2,3,4,5,6) V (West, 2001

o

Figure37: A simple, undirected Grap® consisting of two connected components (1,2,3,4,5,6)
(7,8). Note that thds itself is not connected. The set of vertices (3,5,6)esgmt a subgraph & (©
TUM-MIMED, 2013)

Networks and Flows

A graphG(V, E) can be interpreted asnetwork, where a specific amount of floiv,,V,),
mapping f:V(G)3* V(G - R, , is carried from one noddo another. Each edge
e\, ) EH Q has an upper limit of flow thacan pasghe edge defined by a capacity
c(v,, v,), mappingc: V(G2 (G - R; (Diestel, 2003.

In a flow network there are two distinct vertices seen as the start and end point. At these
points flow will enter and leave the network. The start vertice is denoteduases, where

the flow of material starts. The end vertice is denotesirdst , where flow material arrives

after passing the netwoflsibbons, 198p(seeFigure38).

For consistencya network has to fulfill several conditiorisirst, for any verticev, , st the
amount of flow entering and leaving has to be equal and thus:

a f(v,v,)=0 (3.3)

v, V(G)
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Second, flow in directiorvy - Vy has to bedenotednegatively in the opposite direction

Vy - Vy, thus:

f(v

X

V)= -f(v,, ) (34)
Third, the flow in an edge(vy ,vy) can never exceed its capacd@vx,vy), thus:

f(v,v) ¢ AV,

X

V) (35)

The overall alue of flow F(G) for a networkG(V, E) is defined by the net flow leaving the
sources:

F(G)=a f(sv) - af(w9 (3.6)

ARY, v IV
The maximum flowof a network describes a problem where flolw,,v,) shall be assigned

to all edges ofG(V, E) such that the above given conditions apply and the #(G) from
the source to the sink maximized Gibbons, 198p

Figure 38 Exampe of a flow network with thesources andsinkt. The flows and capacities a
denoted byf (v,, vy), o\, Vy)(© TUM-MIMED, 2013)

Graph Cuts

In terms of graph they, ans-t-cut or cut separateshe vertices/(G) of a graphG into two

disjoint subsets. Ae subsetsonsist of a sef related to thesources anda setT related to
the sink t. The cut is denoted b€ =(ST): si StiT & £ = AS@TQV). The

cutset Cg, of a cut describes edges whose vertices are part of ti® @ed the seT and is
described by the cu® = (S T) where{(v,, v) I H Q| v I Sy I F. The capacity of a cut
C denoted bycap( S T) is given by the total sum of the capacitiéghe edgesf the cutset
C,, leaving S (Boykov and Veksler, 200§West,2007]) (seeFigure39):

cap(S = a [AVARY) (3.7)

vl Sy Iy, y) IE
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Figure39: A cut C in the network example dfigure38. The subseS={ $1,2} (red) is related tc
the source and the subset={3, § (green) is related to the sink. The et C, consists of the se
of edged((2,3),(3,1),(1t )} and a capacity ofap(S T)=2 2 4 (© TUM-MIMED, 2013)

Max Flow/Min Cut Theorem

The problem of finding the maximum flow in a network correlates with the problem of a
finding the cut of minimal capacity among all possibleauts. According to the theorem of
Ford and Folkerso(Ford and Fulkerson, 195fhe maximum flow value in a network equals
the costof the minimum cut among all possiblg-suts.Generally speaking the flow through
any network is limitedy its bottleneck capacities. Although at some edges higher flow might
occur, the maximal total flow is limited by the flow through its bottlen@8&ykov and
Veksler, 2005 (Gibbons, 198

max HG=mincap SJ (3.8

Boykov-Kolmogorov Algorithm

Since Ford and Fulkerson first stated their theorem various algorithms have been developed to
solve maxflow min-cut problems.The algorithm published byBoykov and Kolmogorov
(Boykov and Kolmogorov, 2004is currently considered the fastest algorithm for the
application of computerision graph cut$Schmidt et al., 2009 Their publicly available C++

library (Kolmogorov, 201) was used to calculate a minimal cut among the set up graph
described in sectiod.4.6

The algoithm belongs to the group of algorithms basadaagmenting paths and implements

two types of search trees, one tree starting from the source and one starting from the sink.
Nodes that are not part of eitherinnerrnedes ar e |
are considered fApassiveodo while nodes at the
i a c t Active vodes are allowed to grow and thereby come in contact with nodes of other
trees. In case an active nodes comes in contact witlie ofcthe other tree an augmenting

path is found.

The algorithm follows 3 repeating stages:

O Grow: trees from source and sink grow until they come in contact and make and
s- tpath
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O Augmentation: thes- t path is augmented, while search trees split, such that
disconnected nodes remain as orphans

O Adoption: trees from source and sink are restored bygmisgi each orphan to either
tree

When the adoption stage is completed, the algorithm repeats with its growTsagaation

is reached when the trees from source and sink cannot grow anymore, because no active
nodes are left, such that all nodes are either part of the source tilee simk tree. The
corresponding separation of nodes represents the minimu@=yg T).

3.4.6 Graph-Cut Implementation

The objective of the graph construction is to transfer the segmentation problem into a simple,
undirected graptG(V, E). Nodes are distributed originating from a user provided seed poin

Those nodes sample the grey valGd/) of their respective underlying voxels. The difference

in GV between neighboring voxelv,, v} det er mi nes t he(v,g,).dehds we
the graph is set up and all edges assigned their weights, a minimal cut is calculated which

separates all nodes into either a group associated to the r@pextented by theource or a
group associated to the backgrouapdresented by thank t( seeFigure 40).

Image
(Source s)
O

‘l Min Cut

Background
(Sink t)

Figure40: Representation of the segmentation task as a graph network fromncas to asinkt. The
image is seperated from the background through a minimgbciyM-MIMED, 2013)

Graph Template

Il n order to def i netertafdarea gorspreatvithia, a grdpla tereplate d i a me
Ti A isintroduced

T:{Mou », Mn}:O inh ¢ (39
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The markersM, =(m,, m,, m) of templateT arevectosin A®, where" m,: =f, resulting in

a two dimensional templat&he markersM, of templateT are denoted by, (T). Various

predefined shapes can be implemented to servetam@ate, e.g. a squashape triangle
shapeor heartlike-shapgseeFigure4l(2), (3), (4)).

Figure41: Various gaph template shapeemplate (green and blue), seed point (white), segmen
result (yellow) Raw image (1), square template (2), triangle templatehé@it shapetemplate(4),
dynamic templateuser drawn or previous guh this case: user drawaniplate (red)5) (© TUM-
MIMED, 2013,MRI data from(Egger et al., 2012

Although predefined shapes might result in sufficient results in some images slices, they are
not capable ofobustly handlinghe altering two dimensional shapef the rectum/sigmoid

colon in succeeding image slices. Moreovercase lhe ROlis fully coveredwith a square
template, other objects might be included as wellhe square areahich can negatively
influence the segmentation result. Figure 41 (2) it can be seen that tloait (yellow line)
incorporates parts of theharacteristidark obturator. The proximity of the dark obturator to

the rectum/sigmoid colon frequently compromises the segmentation eestht transition to

the dark obturator causes over proportional high graph weaidsresults in a cut at this
location An approach to spare such objects from the ROI provides adefeed template
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such ag=igure41l (4). It can bepredefined osetup by multiple user clicks and circumventing
disturbing objects such as the obturatdowever, the user effort to setup the template
compared to the information gained about the ROI is relatively high. A more advantageous
approach provides a user drawmfeate, where the user outlines the object contdlith

this approach not only the exact shape of the object in the respective slice is known and can

be employed further, but also exact informatn about the objectds <co
grey valuedistribution inside the object can be extracted. Such an approach can be seen in
Figure41 (5), where the red outline is a user drawn contour used as template for the graph in

(5).

Furthermorecomplex templates such as a user dréemplate ora template taken from the
last cutinherent higher robustness cuts resulting from them, than other graph template
shapes such as squares or triangles. With the same number oVneglesd from the seed
point to the template bordemd aD =0 (see sction 3.4.6, cuts from complex templates
yield the exact same shape as the previous shape.

Sorting of Template Markers

In the context ofa user providedemplate for the graph, the user mighaw a template in
clockwise or counteclockwise order. Taalculate the centroid of polygoset up the graph
and distribute its nodes it is necessary to arrange the provided template in a clockwise order.

Therefore consider atemplate Ti A consisting of alimited, unorderedset of three
dimensional markerd,. To sort themarkersM, of the given templateTl , consider the

markersM, i A'\m, [ .. First, the position of themass centeMC ={MC, MC} of the
given templaterl is calculatedn thex-y-planeby

1 .0
MC =— 3.10
. n+1i3:6”k (3.10

1 .
MC, =—— 3.11
y n+1i:0my (3.11)

Thereafter, the polar angles between each makkeand thex-coordinateis calculated
referring to thanass cente¥C:

- MC..
tan = arctanM ) (3.12

m; - Mcx,i ‘
With the informationabout the angléo the x-plane of each vectoM,, the vectors can be
sorted by the following algorithm:

Algorithm 1: Pseudocode of the sorting algorithm

1 Procedure Soft tan )

2 flag « true

3. "i 1 NO i¢ ntand flag truE
4 flag « false
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4 "ilT NO £ n¢ 1

5 if tan;,, >tan

6. temp,, « tan
7 temp,.« M,
8 tan, « tan,,
9 M;« M,
10. tan,,, « temp,
11. M;,; « temp,,
12. flag « true

Thereafterthe setsM, as well astan are sorted in a ctkwise order.

Seed Point Position

At the origin of every graplies a specific point from wherén¢ nodes of the graph are
distributed. This point is called the seed pdsR of the graph. The seed poinan be
automaticallydetermined from the providedmplateT .

The obvious location for the seed point is the center of mass of the given tefplate
calculated by equatior(8.10) and(3.11). However, this calculation only yields useful results
in some rare situations when all markési T are uniformly and symmetrittg distributed.

Generally, equation§3.10) and (3.11) find the center of mass of a massless polygon with
egual mass points at the marker positidghigure 42 illustrates this effect with three different
polygons. Although the spanned area of all three shapes is equal the positiormafsthe
center varies.

L Lo(1)

Lt T

Figure42: Center of mass of different shap&be position of the center of mass varies dependin
the number of markers, although the spanned area stay§@quaM-MIMED, 2013)

Depending on the shape thle user drawn template or respective calculated cut, the markers
M, of templateT are noruniformly distributed and therefore equatio(®10) and (3.11)

cannot be employed. Instead, the so called centroid of polg8§ammill be calculated and used
as seed point positiofseeFigure 43) The centroid of a polygon defined loymarkersM,

yields the center of mass of an area of equal mass distribution spanned by the Markers
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For the markersM, i A:M, fm, m, n} 0 % n® & ¢ itis calculated byhe
following equationgBourke, 2007 (Heckbert, 199%

CR= A (M, MM, ye MY (313
CPy :éa_. (n'[u +n},i+1)( i Ye 1 sY (3.14)

CR=m, (315)
Thereby A is the spanned polyg&narea defined by
10t
= Ea (m; Min ~M; 4 » (3.16)
i=0

In the process of calculation it is assumed that
M n, My n = Mo, My (317)

The seed poin6P={ sp sp sp of a given templatd is defined

sp, = CR (3.18
sp, = CP, (3.19
sp,:=CR (3.20)

Figure 43: lllustration of the calculated mass center (green) and centroid of polygon ¢bitk)p
different template¢© TUM-MIMED, 2013)

This effect is particularly important regarding the dynamic adaptiothe template over
consecutive segmentation slices. Depending on the object shape and calculated minimal cut,
the template can become more and more rugged over several image slices such that the
template marker distribution becomes less uniformly anddifierence between the mass
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center and centroid increas@#is effect impairs an optimal nodistribution over the object
which causes decreased sampling of the objec

Scaling of Template

A given emplateT, either user drawn or the last calcula@d, will be scaledby a specific

size s in order to be used as template for a nextTotscale the template about a fixed point,

the template first has to be translated so that the fixed igcat the coordinate origin. Then

the scaling is computed and the inverse translation is applied to shift the template back to its
original coordinates. The scaling process used is based on homogeneous coordinates (HC)
where vector translations can bepresented as matrix multiplications instead of vector
additions (Godse, 2008 Consider a templatel consisting of a set of markers

M A\m, T AM, {=,, v,} . For the fixed point used for scaling the formerly calculated
centroid of the template polygaddP ={CFE, CE} will be used. Theequation for scalingand
rotation ofa given vectorp={x } | 2 with CPas the fixed pintis given by

f(p)=p =( HRST| (3.21)

Thereby T is the translation matrix given by

&l 0 -CP
T=® 1 <P (3.22)
O 0 1

which translatep such thatCP is at the origin{0,0} . The matrix S is thescale matrix given
by

es, 0 0
s=go 5 0 (3.23)
g0 0 1

wheres={s, s} is are the specific scale factors in thandy direction. In the course of this
work s, = 5, will be used at all timeand denoted by the scale facshrThe matrixR is the
rotation matrixto rotate the template along tkaxis with anglea . It is given by

@cos@) -sin(a) O
R= gsin(a ) cos(a) O (3.29)
g 0 0 1

However, in the course of this thesis the template will not be rotatetham&t= E, whereE
is the identity matrix.

To scale the templat€é with a specific scale factos, all markersM, of T are scaled by
equation(3.21) eventually mapping the original templafeto the scaled templafé
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z:T- T (3.25

Figure44 illustrates this procedure for a given template. In this cazg @) (yellow line) is
used as a templafle The narkers ofT are scaled bg scaling factors around the centroid of
the polygon (2) (white dot) defined By The scaled templafé is illustrated by the green line
(2), which is used as a template for the graph in a next sli¢gré®ndots).

Figure44: A given template is scaled by a certain scaling factor s with the centroid of the poly
the fixed point. The cut in (1) (yellow line) is taken as a template and scaled (2) (green line), v
then used as a template for a next cu{@dgen dotsj© TUM-MIMED, 2013, MRI data from(Egger
etal., 2012p

Node Distribution

From a given seed poirBP={sp sp sp a number ofraysr:1¢i & are spread in
uniform anglesFor each ray. the intersection poin® with T is calculatedThe length of
each rayr, is defined bythe distance betweedPand the intersection poiffe of T.

It F|IP, -SP (3.26)
Along all raysr, a numberof nodesV, :0¢ n duis distributed in equallistances from the
seed point to the template bordseeFigure 45) The nodeV, , indicates the node closest to
the seed pointy,, indicates the last node of ray. Furthermore, achnodeV,, coincides

with a voxel of the imagé Moreover, the graph network requires the implementation of two
distinctvirtual nodes that are not represented by a voxel of image I, the soamdethe sink
(Boykov and Jolly, 2001
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Figure45: Graph node distribution from a given template and seed point po&idtuM-MIMED,
2013,MRI data fran (Egger et al., 2013

Due to the equal amountof nodes spread along each rasegardless of the length of each
ray r, the seed point position is particularly important to accomplishegqual node
distribution withn the templatelt is that the centroid of the template is used instead of the
mass center.

Figure46 illustrates this effectimage (1)on the leftshows the difference between the mass
center and centroid locatidior the given polygorandin image(2) on the rightthe node
distribution is based on the mass center which causes a concentration of nodes in the area
above the seed point. The centroid position détrease this effect and cawsenoreequal

node distribution.

Figure46:. Difference between the mass center (green) and the centroid (pinEhdldprresponding
node distribution based on the mass cefgp(© TUM-MIMED, 2013)

Sampling of Grey Values

Each node/, i V(G is a set of four, compsingV; ={v,, , VinVi-o4twith the nod

3D position and voxél grrey value. To gather information aboueth obj ect 6s gr ey
outlook, themean grey valua an areaa around the seed poiBiPdetermined by factof is

calculated according to

aEgv(V):YIMG|O ¢i & F (3.27)
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k3 f

a o » (3.29)

meanG\, = Y
i=0

In the same way aneanGY of gv(M.)I Cis calculatedamong all markersV . of the

minimal cutC of aprevious slice, to gather information of the grey values among the object
contour.

Interactive Seed Point Dragging

The segmentation result strongly depends on the seed point position, as it determines the
position of the grapbéamphedesoaondl|l thkeatebyt hha
the cut result in the last step.

In case an object contour represented by a sharp dark to bright actaampled due to a too

little sampling ratethe cut will perform differently and the quality of the sentation result

will decrease. Thetar like distribution of nodes inherits this problem such that areas further
away from the seed point are sampled with a smaller sampling rate per area than areas closer
to the seed point.

However, by interactively dragng the seed point different voxels of the image are sampled
with the graphds nodes and the user intuiti.yv
area defined by the number of nodes of gi@mnd the area of template

f = V(G)|
* area(T)

(329

Graph Weights

So far the node¥ of the graphG(V,E) have been implemented. The next step to set up the
complete graph networktso | mp | e me nt E.n¢he fglloveng th@e differehg e s
types of edges can be distinguishsdeFigure 47)

O Z-weighted edgesre interedgesconneding the seed poinBPwith the first nodev, ,
of each rayr,. They also connect all neighboring nodes,,Vv.,,) of the same ray, .
They are denoted by the sub&gtE E

O XY-weightd edgesare intraedges connedng nodes (V,,V,,,) of directly
neighboring rays;,r,,, . They are denoted by the sub&g EE

O T-weighted edgesonnecteach node/ivnl' V(G) with thesources and the sink. They
are denoted by the subsgt E E
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Source s

Sink t

Xy z t - source t - sink
— B S o —

Figure 47: lllustration of three different graph weight types:-wegights, zweights and-tveights (©
TUM-MIMED, 2013)

Z-Weights

According to(Li et al., 2009 the capacityc(v,, v,,,,) for all edges(v.,,v,..) E is ®ttoa
maximumvalueindicated by= .

" e(\{,n’ V,n+1) i E: (( y,n’ y,n ﬂ) = (330)

Under the assumption that the calculatechimal cut separates the graph(V,E) by
C=(S T, such tha{si S @t IF each rayr has to be cut at least one tin8etting all z
weights to a value of furthermore guarantees that each rag cut only one time which
cost13 wcper ray Cutting the same ray twiaa morecosts>n 3 which will not result in
the minimal possible cut set, thus each ray is cut exactly one time.

Because of this paradignt is hardly possible to alter theveeight cost functiorand assign
values different toe . In case it is lowered to an effective value, similar-teetght values,
the possibility of cutting the same ray twice increases, whid¢hnet result in an optimal
segmentation result.
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T-Weights

The allocationmethodologyof T-Weight capacities to all edgésr I E(G) is crucial tothe

calculated segmentation resulthe algoritimic implementation is given as@udo cde in
Algorithm 2 and can be separated in four distinct tasks that will be explained in further detail.

Algorithm 2: Pseudo code of the implementation of capacities
toall T - Weighted edges E,; I E(G)

1 Procedure TWeights G,V )E
2 "I IN:O ¢ k¢ 1

3. c(S Yp) « =

4. c(Vgt« O

S c(s V,u-l) « 0

6 C(Vi,u—l’ )« o

7. Phi« L
S

8. nPhi« floo{ u® Phi 1}

9. if Flag = =false

10. mean@ « meanGy

11. else

12. meanGV «  meanG)

13. "ilIN:0 ¢ ke 1

14. "nIN:0O & ¢ 1

15. Pre« abg g(¢ v.,)- meanGY
16. Act« abg g( y)- meanGy
17. if (n ¢ (nPhi -nPhi WE))

18. c(s \(‘n)« o]

19. c(v,, )« 0

20. if (n>(nPhi -nPhi WE)) and( n (®Phi nPhi WH)
21. if flag = =false

22. if (Act- Pre) ®©

23. c(sy,)« ab¢ Act PrE

24. c(v,, )« O

in?

25. else
26. c(sy,)« 0

27. c(v,, )« abg Act Prg
28. else
29. if (Pre- Act) ®
30. c(sy,)« abg¢ Act Prg

31. c(v ,H« O

in?

32. else
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33. c(s V)« 0
34. c(v,. )« abg Act Prg
35. else

36. c(s V)« 0

37. c(v,,)« @

Under the assumption that the udefined seed point is centered in the object and the last
nodev of each ray is part of the background, lin@s5 ensure that thirst nodev of each ray

r is bound to the souecs by a capacity of . In contrastthe last node of each ray will be
bound to the sink by a capacity of.

The capacity value assigd toeachT-weight is determined by the intensity contrakthe
grey valuegv(v,) of the currently regarded nodg, to the previous node , , on the same

ray. The deviation from a given mean grey valmeanGV* determines if the nodés
connected to the sink or source and what capacity véalllee assigned.

Generally, wih the variableflag = =false, a transition from averagely intensity high to
intensity low values is expected atfte connections and capacity values seé such that

nodes of the intensity high area are connected to the source and nodes of the intensity low
area are connected to the sink. For comparison see linés2Z11f the flag = true, a
transition from intensity low to high valuas expected and the connections and capacity
values are set oppositely, see linesi 2ZBl. Figure48illustrates this effect fothe calculated

cutin the same image slice depending onfthg value.

Figure48. Effectof two types of allocated-Weight capacities. In (1) the transition from intensity |
to high areas is preferred, in (2) the transition from hight to low intesities is pre{@r&tM-
MIMED, 2013,MRI data from(Egger et al.20129)

In lines 7 and 8 two variabldzhi andnPhi are introduced. With the knowledge of the scaling
factor sffrom the previougutto the current template and the numbeaf nodesv per rayr,

the current node of each ray representing the sheamf the previous cut can be determined.
The variablePhi represents the inverse scaling fachmwhile nPhi represents nodiedexin

the graph of the current slice that is closest to the node that was partcot 8 C in the

graph of the templatef@ previous sliceThis allows the implementation of a three zone
strategy for the allocation of capacity values among Talweighted edgesWith the
assumption that the object shape change from one slice to another is limited, it can be
expected that theurrentcut will occur in a similar radius indicated by the node inaex
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Thus, a zone | in a range¢ (nPhi -nPhi ¥E)), whereWF, is a t-weight parameter

defining the zone width is implemented in line 17. With the assompiiat all nodes in zone
| will be part of the source s& those nodes are connected withto the sources andO to
the sinkt. All nodes in zone llldefined byn> (nPhi +nPhi ¥E)), are assumed to be part
of the sinksetT and thus connected with to the sinkt andO to the sources. In zone I,
defined by(n>(nPhi -nPhi WE)) and( n (tPhi nPhi W), thecutis expected and

weights are allocated according to the previously discussed methodology (see Tirgzh.20

Figure49: Implemented 3 zone strategy for the allocationwéights. (1) Cut of a previous slice us
as template, (2) Allocation ofweights according to their zone (3) Resulting cut in zorf® [TUM-
MIMED, 2013,MRI data from(Egger et al., 2012

The three zone strategy leads to more robust and stable and less variability in the resulting
cuts This is particularly important in the course of dragging the seed poistices where

the object is vy bright in a small area around the seed point, the calcutatedight exhibit

an effect similar to collapsing and prefer a small aceal By imposing the cut to occur in

zone ll, this effect is suppressed which furthermore enhances segmentatityn mpalstness

and user handlin¢see Figure 49 and Figure 50)

Figure50. Effect of graph collapsing (1), Segmentation result with implemented three zone st
collapsing prevented (2P TUM-MIMED, 2013,MRI data from(Egger et al., 2012
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XY -Weights

The xyweightsE,, I E(G) can be considered as stiffness parametedsrefers tdLi et al.,

2006. The implementation depending on the parametBr, realizes different smoothness
values for the resulting minimadut and greater variability among possibigswith the same
cost amount.

Their implementation follows

"el By AV Voo ) = (331
for the implementation of xyeights to the previous ray and
" € I' Exy: C(Y+1,n’ Y,n - )) = (332)

to the next ray. Whereby applies tifah- D & takev, ,. For D =0, the cut is exactly alike
to the template shapEigure51illustrates the effect oD =1 and possible cuts of equalsts.

(1) (2) (3)

Figure 51 lllustration of the xy-weight implementationthe effect of theparameterD and the
resulting costs. ExemplaryD 4, c,, = ©: (1) costs=2 3 , (2) costs=2 3 , (3)

costs=4 3 (altered fromEgger, 201p

However, the se of theD parameter was limited in the course of thesis, becdneshigher

D the more ruggedare cut contours. With the template for a next slice dynamically adopted
from the previousut, the templatecan become increasingly rugged in the progress of the
segmentation, too. However, rugged templates showed to be disadvantageous for the
segmentation result, such that the use of paranieteas limited to value® 2.

Min Cut Labeling

After all nodesV(G) are assigned their weightgv,, v,) (seeFigure52), the Boykowvlibrary
labels all nodes either corresponding to soarce sor the sinkt. The nodesyi C(S T) of
the min cut are determined such that the last node labeledeis included inC as nodec,
andthe first node labelesinkis excluded:

Algorithm 3: Pseud o code MinCut labeling
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Procedure LabelMinCit GV B
X« 0
"il NO i¢ k¢1
"ki NO @& n¢2
if v,, = =source
if v, ., = =sink

C, « V

IL,n

© N o akrwN PR

X+ -

Figure 52 lllustration of a completely connected and weight assigned graph net(@rRUM-
MIMED, 2013)

Object Processing

The calculate@ut of a specific slice is stored as segmentation result together with all previous
cutsof this object. After the complete object is segmented, slices that have been skipped by
theuser have to be interpolated in order to generatgexct contour in each image slice. This
step is done with the MeVisLdbsoSlicelnterpolatemodule and illustrated iRigure53.

Thereatfter, the set of object contours is used for voxelization of the object and to generate a
3D Object with theCsoConvertTolmagemodule. The set of object contours is storedsas
file, while the voxelized 3D object is storedrasd file for further use in treatment planning.
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Figure 53 Set of object contours: (1) sleeskipped, (2) skipped slices interpolated, (3) voxeli
object, (4) voxelized obje¢yellow) superimposed in the patient anatof@yTUM-MIMED, 2013)

3.5 Distinguishing Characteristics

The presented segmentation methodgldistinguishes itself from th&stems introduced in
section2.2and?2.3in the following characteristics.

1. Direct control over the segmentation resultompared to fully automatic systems or
systems based on user input scribbleth wio further possible user influence on the
segmentation result, the presented systems offers dexterous direct control over the
segmentation result in each slic&hree different methodologies have been
implemented to enhance the segmentation result.

2. Few, intuitive user input parameterdn contrast to other systems, the presented
methodology merely requires the user drawn contour as user input and intuitive
interactions for segmentation improvement. No complex paramstens as the
estimated object voluewhich demand initial training or experience are required.

3. Robust and stable segmentation restihe mathematical principle of graph theory
and minimal capacity cuts leads to a guaranteed global maximum. Furthermore, due to
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thedynamictemplatebased gnah constuction, not only leaking is prevented but also
the segmentation result is robust to object shape changes and contrast variations
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4 Evaluation

4.1 Approach

The presented segmentation methodology and the underlying algavtisnsubject to an
experimen comparing the computer assisted segmentation result to manually outlined
segmentation result¥he asseddata compriseMR imaging dateof the lower female pelvis
acquired in the course of image guided gynecological brachytherapy.

Objective

The objectiveof this experiment is tevaluate the benefregarding quality and timsaving
that can be achieved by utilizing the presented methodology in contrast to the clinical gold
standard of manual segmentation

Materials

Computation was performed on a persoeahputer with Windows 7 Home Premium 64 Bit A
operating system and installed Service Pack 1. The proceassaan | nt el E Cor eE |
M330 with 2.13 GHz dual core. Internal memory comprises 4.00 GB, with 3.68 GB available.

The utilized MeVisLab® version i2.3.1 with Qt version 4.8.0. All C++ implementations
were conducted and compiled with Microsoft® Visual Studio 2008, Version 9.

Table2: Data sets antheir respectiveperformedViR sequence

Data| Magnet Resonance Matrix Resolution Slices | Slice thickness
Set Sequence (voxel x voxel)| (mm x mm) (mm)
1 | Axial T2 weighted TSE  320x 320 | 0.625x0.625 26 3.0
(Turbo Spin Echo) 32(
2 | Axial T2 weighted TSE 320x 320 | 0.625x0.625 30 3.0
320
3 | Axial T2 weighted TSE 320 x 320 | 0.625 x 0.63 50 3.0
320
4 | TrueFisp (fastimaging 384 x384 | 0.781x0.781 72 3.0

with steady state
precession)

TrueFisp 320x 256 | 0.875x0.875 28 3.0

6 | Axial T2 weighted TS  320x 256 | 0.875x 0.875 22 3.0
320

7 | Axial T2 weighted TS  320x 256 | 0.875 x 0.875 40 3.0
320
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To calculate the max flow/min cut the publicly available C++ library developed by Boykov
and KolmogoroBoykov and Kolmogorov, 2004Kolmogorov, 2019was utilized.

The data used for this experimentaiset of 7 MRI datasets acquired during gynecological
interstitial brachytherapy cases performed at the AMIGCesiditheBr i gham & Women
Hospital with a Siemens 3 Tesla Verio MBcanner The complete data is available for
download from(Egger et al., 2013eand described in detail i(Kapur et al, 2019. The

respective MR sequence of each data set can be seen in Table 1.

For comparison of the algorithmic computed segmentation reaultpedical doctor
experienced in radiological segmentations of gynecological brachythatafye SPL, for
compaison seeEgger et al. (2012amanually outlined the rectum/sigmoid and bladder. For
the rectum/sigmoid, the marilsegmentation was performed two times with a time difference
of several month Forthe bladder only one set of manual segmentations was available.

Parameters

The evaluation was performed with a constameight parameteWT. =0.2. The scaling
factorsfandthe number of rays and points per rag were sfi [1.6],ri {40} for the rectum
andri {50} for the bladderni {40} for the rectum anahi {50} for the bladder.

In order to estimate theomplexity of the segmentation task, the respective number of slices
where segmentation was per f oromg dnd sumbernod | | a s
voxels was investigatedrurthermore, the timeén seconddor the segmentationf each data

set was acquired by screen capture recordings.

Evaluation Methods

The evaluation of the presented segmentation algorithm was performed with the Dice
Similarity Coeficient (DSC) and the Hausdorff distand&iD). Moreover, the median and
standard deviation of the DSC and Hausdorff distance were calculated

Dice Similarity Coefficient:

The DSC isa common measurement procedure in image segment@iom et al., 2006
(Zou et al., 2004 It measureshe spatialoverlap between two segmentation results noted by
setsA, Band is defined as

DSQAB=23MA B/(MLAN ¥ B (4.33)

where AZEB is the intersection area of sefsand B and V(Q is the volume inmms,
Exemplary scenarios of three different DSC calculations are illustratédure54.

74



Evaluation
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Figure 54: lllustration of three different segmentation scenarios and their respective DSC
DSC(AB) = 0%,(2) DSQ AB=2 M A B/(M A ¥ B, (3) DSC=100% (© TUM-
MIMED, 2013)

The calculation was performed by a MeVisLab® network depicteBigare 55 utilizing
Algorithmmodules

(2)

(3)
(1)

(4)

Figure55. MeVisLab® network for the computation of the D@6d Hausdorff distancél) image
loading and preprocessing, (2) DSC calculation, (3) vizatdin, (4) Hasdorff disgancecalculation
(© TUM-MIMED, 2013)

The image loading and preprocessing of the calculated result and manual segmesgalt

of Figure55 (1) can be seeim detailin Figure56. Both datasets are imported asrd data
file types.
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Figure56. Image loading and preprocessing of the calculated and manual segmenation resul
calculation of the DSC and HD (© TUMIMED, 2013)

The calculation of the DSCFigure 55 (2)) is performed utilizing predefinedlgorithm
modules and is depicteéd detailin Figure57.

Figure57: Calculation of the DSC by predefinédgorithmmodules (© TUMMIMED, 2013)

Hausdorff Distance: The Hausdorff distancemeasures the distance between two subsets of
the metric space. It defines theaximum distance among all minimal distances between two

sets(Jesorsky et al., 2001
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H(AB)=maxXtt AB L B J (434
h(A B) = max , mipy |l a- i (4.35)

Since the HD is nosymmetric,often h(A B), (B A applies(seeFigure 57.

h(B,A)

h(A,B

Ny de

Figure 58 lllustration of the Hausdorff dtance for two seté andB whereh(A B), (B A (©
TUM-MIMED, 2013)

The calculation of the Hausdorff distan¢€igure 55 (4)) was performed using the
MeVisLab® modulatkHausdorffDistancelmageFilteshown inFigure598 which returns the
HD in voxels

) £
itkHausdorffDistancelmageFilter

A A

Figure 59 MeVisLab® module used for calculation of the Hausdorff dista@erUM-MIMED,
2013)

4.2 Experiments

In each data set one segmentation utilizing the pra$eiriteractive segmentation
methodology was conducted for the rectum/sigmoid and bladder.

For documentation and time measurement purposes each segmentation performance was
visually recorded by the screen capture tool Microsoft© Expressién@n the acquir

videos the segmentation time neddvas gained startingt thebegiming of the user drawn
contour until the end of the segmentation of the final ¢ieeFigure 58)
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Figure 60: Experimental evalution of the InteractiveCuetiidology with MeVisLab®© TUM-
MIMED, 2013, MRI data fron{Egger et al., 2012

Manual segmentationsf the rectum/sigmoid and bladder have been performed in August
2012. The second segmentation data set of the rectum/sigmoid has beemgzkrh April
2013 by the same physician.

In the organsegmentation procesa segmentation was performedeachslice, such that a
seed point and contour was calculated in each alcktthe sum of segmented slicesims
accordance to the manual segnatiohs. Therefore, no slices were skipped and no
interpolation of slices has been performed.

In order to evaluate the basic performance of the presented segmentation algorithm, no
methods of improvement such as contour point dragging or reinitializatiendesen applied.
Merely dragging of the seed point was utilized to find an optimal segmentation contour.

Evaluation was performed such that before computer assisted segmentation the outlook of the
respective manual segmentation was roughly studied. Oseerntvis challenging for non
medical specialists to recognize the object outline and decide an optimal segmentation result.

Regarding the rectum/sigmoid colatata setd, 2, 3, 4, 5,6, 7 of the manual segmentation
version 2 vereused as referencEor the evaluation othe bladder, since only one versioh
manual sgmentationswas available, tis manual segmentation versioh was used as
reference for all data sets /.

The interactive algorithm could be performed smoothly without any delay or otiers on
the utilized personal computer.

In the following the segmentation results for the rectum/sigmoid and the bladder are discussed
in detail.
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4.2.1 Rectum/Sigmoid Colon

The results infable3 show the volumetric and time data tbe manual expert segmentations
of the rectum/sigmoid colonAccording to the performing physician, iaverage the
segmentation petata setook 300 sed5 min)to perform.

Table3: Manualrectumsigmoid colonsegmentation 1 & 2M1 indicates the first manual data s
M2 indicates the secondanual data set
Data volume (mm3) dices
set
M1 M2 M1|M2
1 53227 47223 25
2 38809 31635 25
3 24802 18287 18
4 37186 28205 26
5 n.a. 37110 27
6 41787 39164 22
7 99957 100194 40
median 40298 37110 25

In comparison tdhe manual expert segmentation, theeractiveCut algorithm segmented a
smaller volume in all cases except case 7, wheskghtly larger volume was segmented.
Furthermore, the InteractiveCut algorithm achievedradiansegmentatiotime per data set
of 128 secondsompared to the manual segmentation, which represen&% time saving
(see Bbled).

The segmentation ressilbf the InteractiveCut for the data sets 1, 2, 3, 4, 5, 6, 7 bagn
compared to the expemanual segnmation results M2. The InteractiveCut algorithm
achieved an average DSC8#.85+4.08% when compared to M2 (see Table 5

The two manual expert segmentation versions M1 and M2 have been compared in an intra
analysis and a DSC has been calted in order to precisely asses the DSC value of the
InteractiveCut result. The intra analysis between manual segmentation data set M1 and M2
yielded a DSC of 83.98.08%. This value reflects the difficulty inherent in the segmentation

of the rectum/sigmid colon. As mentioned in sectidn the difficulty of the segmentation of

the rectum/sigmoid colon due to its inhomogeneity was also previously discusgedasyet

al., 2008 (Huyskens et al., 2008Egger et al., 2012aFurthermore, the time period between

M1 ard M2 exceeded 6 months, whereas for the InteractiveCut segmentation the respective
manual segmentation was roughly studied for orientation due to lack of medical experience
directly before the segmentation performance.
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Table4: Interactive Cutectunisigmoidcolon £gmentation
Data
set volume (mm?3 time (seQ slices
1 51734 141 25
2 27945 128 25
3 18915 113 18
4 21207 117 26
5 32473 158 27
6 38073 104 22
7 103171 228 40
median 32473 128 25

Regarding the Hausdorff distancéhe InteractiveCut achieved an average value of

11.05+6.81 mm voxel, compared to the average Hausdorff distancELG6+7.54 mm voxel
between M1 and M2.

Table5: Comparisorof the InteractiveCut resslto expert manual segmetita results IC indicates
the InteractiveCut resultyi2 the respective manual expert data set, n.a. indicates
availability of the respective data set

DSC (%) Hausdorff dist. (voxel)

Data set IC T M2 M1 M2 IC T M2 M1i M2
1 8843 86.93 11.04 4.03
2 80.88 85.16 6.48 1145
3 79.04 7819 2547 18.92
4 80.17 70.37 11.05 22.29
5 84.78 n.a. 9.34 n.a.
6 89.54 91.05 4.36 9.78.
7 84.14 91.40 9.64 412

O N 0| 8385+408 83.97+8.08 11.05+6.81 11.76+7.54
min 79.04 70.37 4.36 4.03
max 89.54 91.40 2547 22.29

Figure 61 shows exemplary segmentation results taken from data set 1 dhe 3ed area
represents the segmentation result of the IntexCut, whereas the green area represents the
manual expert result. The image (®jpects the voxelized segmentation result of the manual
segmentationmage(6) depicts the InteractiveCut result.
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(5)

Figure61 Segmentation results of the rectum/sigmoid cokar.(2) and (4) the red area indicates
InteractiveCut result, the green area the expeanual segmentation result. (5dxdized manual
segmentation, (6)oxelized InteractiveCut segmentatig® TUM-MIMED, 2013, MRI data from
(Egger et al., 2012

Challenges for the algorithm occurred evl the rectum/sigmoid colon shagleange from
rotation symmetric testrongly concave as depicted kigure 62. Thereby the algorithm is
challenged to adopt the graph templaiestrong shape changéthin one slice difference.
Furthermore, the seed point rooted diteg node distributioncorrupts an optimal sampling
rate in terms of area withitoncave object shapes.
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Figure 62. A concave shapean challenge the algorithm due to its seed point rostedlike node
distribution. (2)manual segmentation (green), InteractiveCut segmentation (rg@nd3) illustrate
strong bending of the object length axifere strong object shape changes can of@ufUM-

MIMED, 2013, MRI data fron{Egge et al., 2012p
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4.2.2 Bladder

In accordance to the rectum/sigmoid colon, the bladder as anargak wasalsosubject to

the evaluation of the InteractiveCut methodology. For the bladder, however, only one set of
manual expert segmentation data seteevewailable, such that an irtaaalysis between two
manual segmentations was not performed.

In Table 6 the data of the manual expert segmentation is confronted with the results of the
InteractiveCut segmentation. In averageook about 300 semnds(5 min) for the physician

to segment eaadthata setCompared to the rectum, the bladder is larger in volume, however

is filled with contrast medium such that segmentation is suppofith the utilization of the
InteractiveCut rethodology the time pedata setreduced toa median of 62seconds in
average, which represts a timesaving relation of ~1/5 (see table 6)

Table 6: Comparison ladder manualinteractiveCut sgmentation M refers to the manue
segmentation results, 1A to the InteractiveCut segmentation reBaolt data set 5 n
manualsegmentation was available

Data volume (mm3) time slices
set (sec)

M 1A 1A M/1A

1 89356 101193 52 10

2 71456 64196 59 15

3 170913 144605 115 20

4 147200 148387 111 17

6 113160 175543 64 22

7 52247 61795 50 13

median 101258 122899 62 16

The spatialcomparison between the manual dhe InteractiveCut segmentation revealed an
average DSC 081.47+4.48, which correlates with the achieved value88f85+4.08 for the
rectum/sigmoid coloiiseeTable 4 and Table 6)

The averageHausdorff distance for the evaluation of the bladder yielded a value of
13.25+210, which again, is in accordance to the results achieved for the rectum/sigmoid
colon with a HD 0f11.05+6.81 for the manudinteractiveCut comparision arid.76+7.54 for

the intramanual comparison.
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Table7: Comparison laddermanualinteractiveCusegmentation
DSC (%) Hausdorff (voxel)
Data set MTA MTA
1 79.36 1360
2 7742 1389
3 83.50 14.17
4 85.45 14.38
6 76.08 14.46
7 86.98 9.01
O N @ 8147+448 13.25+210
min 76.08 9.01
max 86.98 14.46

Figure 63 shows two exemplary results for the segmentation of the blaDderto the user

drawn contar in a previous slice and its dynamic adaption, the InteractiveCut methodology
achieves to segment the bladder in its complete outline, including both the high value contrast
medium filled area and its air filled dark value area. With the three zonegstrahe high
contrast edge between the contrast filled area and air filled area is spared from evaluation, as
lying in zone l.Instead the cutis performed in zone I, finding both the transition from the

high value contrast medium filledrea to the b&ground and the transition from the low
value contrast air filled area to the background.
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Figure63: Comparison of segmentation result performed manually (green) and with the Interac
methodology (red)For (2), the darkair filled area as well as the bright, contrast medium filled are
included in the segmentati¢® TUM-MIMED, 2013, MRI data fronfEgger et al., 2013¢

In accordance with the results of the rectum/sigmoid colon, the algorithm wasilpastic
challenged where the object shape was strongly convex or caiseségure 62)
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Figure 64: Due to the star like node distribution, segmentation challenges for the Interact
algorithm occur where the object shapsti®ngly convex or concay® TUM-MIMED, 2013, MRI
data from(Egger et al., 2012

4.3 Discussion

The evaluation of the presented segmentatoethodology showed a DSC value of
83.85+4.08 anda Hausdorffdistanceof 11.05+6.81 for the rectunsigmoid colon compared to
manual expert segmentatiofn intra-analysis between two manual expert segmentations for
all data sets revealed an average DSC value.878808 andaHD of 1176+7.54 mm.

In accordance with the rectum/sigmoid colon resultspraparison between algorithmic and
manual expert segmentations for the bladder yielded an average DSC value of 81.47+4.48 and
a HD of 13.25+2.10nm, which is slightly lower than the rectum/sigmoid colon result. It has

to be mentioned that the initial admstration of contrast medium to the bladder and thus
homogeneous high contrast appearance supports the use of fully automatic region growing
algorithms, which could achieve DSC values of 9(Bgger et al., 2012&duyskens et al.,

2008.
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The DSC value of 83.85+4.08 (rectum) and 81.47+4.48 (bladder) achieved with the lagorith
presented in this thesis tBusin accordance with the common DSC values in the medical
imaging domain regarded as successful as mentioned above. In consideration of the
publication ofHuyskens et al. (2008vhich evaluated the Varian Inc. Smart Segmentation
Tool E and where the segmentation resul't of
acceptabl eoDa@dofyi 22®ednéd fAgood to excell ent
bladder the DSC value of 83%(rectum) and 81% (hdder) achieved in this thesis
considerately good for the rectum while lower for the bladder.

The intra analysis dfuyskens et al. (200&etween two manual segmentations of different
physicians revealed a DSC of 76% for the rectum, compared to 83% in thss Tesse
values substantiate the particular difficulty of rectum segmentation mentiortéalybiens et
al. (2009 not anly for computer algorithms but also for clinicians.

Regarding the Hausdorff distangkartinez et al. (201achieved 7.52+2.3 mm for the rectum
arnd 19.0943.1mm for the bladder The HD achieved in this thesis atd.05+6.81mm
(rectum) and 13.25+2.16m (bladder) where one main reason for these values lies within
the statlike node distribution originating in the central seed point and impaird segogpling
where the object outline is strongly convex or concave as described in ge2tiicand4.2.2

Although the presented DSE80-90%) and HD (~7-20 mm)values might seem low, they
represent auent stateof-the-art research results in the medical domain in geradlresults
achieved with commercially available and research tools for the rectum/sigmoid colon are
even lower(52%). Beyond thatas shown by im& analysis DSC values achieved among
clinicians, human segmentatioress used in clinical daily routineevealresults in the same
rangeof 80% -90% Depending on the anatomical structure values are slightly higher, e.g.
brain, or slightly lower, e.g. rasi/sigmoid colorfor intra analysisFurthermore, it has to be
noted, that for pelvic radiotherapy procedures as compared to others, e.g. brain tumors,
accurate local segmentation is lesscerned by clinicianfor soft organ radiotherapy and

their OARs,e.g. rectum/sigmoid colon and bladder. Since these organs are prone to change
their organ shape in the period from segmentation to treatment start due to air pockets,
digestive activities, changes in patient position and weight loss in long term, segmentat
results are always error proaad less dependable. To take thakerations into account, the
segmented Gross Tumor Volume is always enhanced to the Clinical Target Volume and
Planning Target Volume in the process of Treatment Planning, for compaeésosection
2.1.3(Bille and Schlegel, 200XKauffmann et al., @06).

The time neeedto segment one data set yieldE2B seconds for the rectusigmoid colon

and 62seconds for the bladder utilizing the presented methodology compaaedrage300

seconds for manual segmentation, which represents a time savtranrefa60% and ~8%,
respectively.ln comparison the work dflaas et al. (2008 regarding the Varian Inc. Smart
Segmentation® tool, the time needed to segment the bladder can be considered equal for the
algorithm of this thesis and the Smart Segmentation® id®. laterneeded 53econds in
average for the fully automatic segmentation
which includes fAmanual modi fication in a | i:1
the complete and final segmentation of this itheslthough inHaas €al. (200§ an average
segmentation time needlefor the rectum was given as 5Sconds without manual
modification as well, compared to 141 seconds in this thesis for the complete segmentation,

the quality was with a DSC of 52% considerately low, comgaio 83% in this thesis.

However, the result of 141 seconds for deenpleterectum segmentation in this thegsin
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the range of the mentioned targeted time frame of 2 minutes for the automatic result without
modifications ofHaas et al. (2008

Not taken into account fahe time evaluation of the algorithmic segmentation is the option to
skip certain slices where the changethe object outline is limited. This possibility can
accelerate the segmentation in a large extent, since only a fraction of all slices has to be
concerned.

Also not taken into account for qualitative evaluation of the algorithmic segmentation are the
implementedools of improvement regarding dragging of contour points and reinitialization.
With those options the segmentation result can intuitivehaaced with fewr time effort.

It can be said that segmentation quality achieved with the presented algorithm is in
accordance with common commercial and research results in medical imaging and equal to
results achieved in daily clinical routine by clirags. The use of a locally limited template

and the inherent convergence to a local minimum of graph cuts prevents leaking. Together
with the interactive methodology of the presented approach, user input parameters are limited
to a minimum and make this p@ach superior to fully automatic methodologies. Equal
quality results together with its time saving potential mdks approach advantageotcs
manual segmentation.
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Conclusion

5 Conclusion

The objective of this thesisvas the development of a novel interactive gwdbased
segmentation methodolodyr the rectum/sigmoid cofoas an Orgawt-Risk in the context

of interstitial gynecological brachytheraphhe clinical gold standard f@egmentation tasks

is given by time and resource consumslge-by-slice manual aitlining of the region of
interest. Although various fully automatic segmentation tools have been devalofzedate,

only few can guarantee robust results or are used in daily clinical routine. One drawback of
automatic approachestiseir complexity, imited flexibility and little provided user influence

on the computed segmentation result where the algorithm is challenged. rmaogal
refinement of the computed segmentation is desirable and the motivation for the development
of interactive segmentatio approacheghat allow direct and intuitive control over the
segmentation result.

The presented methodology is based on graph networks and transforms the image
segmentation problem into a e, undirected graph. A minimal cut separates the object of
interest from the background area. The graph network distribution across the image is
determined by a dynamically adapting template whose shape is gained from user input in the
beginning andobtained fromthe segmentation contour of a previous slice in sutioge
slices. Interactive dragging of the graph network seed poitite object center allows to
calculatevarious segmentations in the same slice and tieligsto find the optimal result.

Slices where no strong object contour change occurs can be skipgade interpolated later.

Evaluation of the algorithm was performed by comparing the computer assisted segmentation
result with manual expert segmentations of the rectum/sigmoid colon and the bladder. The
rectum/sigmoid colon yielded a DSC value of8534.08, the bladder 847+4.48. An intra
analysis between two sets of manual expert segmentation results yielded a DSC value of
83.97+808. Utilizing the presented methodology, the average time for the segmentation of
one data set droppddom approximatel 300s for one manually evaluated data set to 128
secondsfor the rectum/sigmoid colon and 62 for the bladder utilizing the presented
methodology.

Due to the stalike graph node distribution with the seed point at its origin, the algorithm was
challengedvhere the object shape was particularly concave or convex. For future approaches
multiple, equally distributed seed points could be utilized to guarantee an ideal areal sampling
of the object and thus enhance the segmentation result quality.
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Figure 1: lllustration of the female pelvis: (1) anal canal (2) rectum, (3) sigmoid colon, (4)
urethra, (5) vagina, (6) bladder, (7) uterus. lllustration based on (Drake et al1@005)

Figure 2: lllustration of the large intestine. It starts with the appendix (1) and cecum (2) in the
right groin(A), continues as ascending colon (3) into the right flank (B) and right
hypochondrium (C), csses the abdomen (D) as transverse colon (4) into the left
hypochondrium (E) and continues into the left flank (F) and left groin (G) as
descending colon (5). From there it continues as sigmoid colon (6) and expands as
rectum (7) into the anal canal (8)thre pubic (H). The umbilicial (1) is not
transversed by the large intestine. lllustration based on (Drake et al.,.2005).12

Figure 3:Overview of the AMIGO suits: (1) MRI room, (2) Operatingmo (3) PETCT

FOOM (NCIGT, 2013)...iiiiiiieeeeiiiiiiieteeee e e e e ettt e e e e e e annreee e e e e s snsrrraeeeeeeannees 13
Figure 4: Applicator used in gynecological brachytherapy: (1) needles, (2) obturator, (3)
template (© BWHSPL, 2012).........cccuuiiiieeiiiiiieeeiieee e e s sireeee e e s smnesssneeeee e s 14

Figure 5: T2weighted MR images recorded in the course of gynecological brachytherapy: (1)
axial view, (2) sagittal view, (3) coronal view (© TUMIMED, 2012, MRI data

from (Egger et al., 2012€))........uuuuuuieiiiiiiiii ettt 15
Figure 6: General workflow of a radiology treatment plan; Clinical Target Volume (CTV),
OrganAt-Risk (OAR); altered from (Bille and Schlegel, 2002).................cee... 16

Figure 7: Schematic depiction of oncological and radiotherapeutic volumes in treatment
planning: (1) Gross Tumor Volume (GTV), (2) Clinical Target Volume (CTV), (3)
Irritated Volume (1V), (4) Planning Target Volume (PTV), (5) Org&nRisk,
illustration base@n (Kauffmann et al., 2006)...........cccooveiiiiiiiiiiciiieeee 17

Figure 8: Interstitial treatment planning: shiog-slice optimization of radiation dose
distribution on tumor (CTV) and sparing adjacent Orgatfisk, (1) Tunor, (2)
Rectum/sigmoid colon, (3) Brachytherapy obturator, (4) 100% isodose line, (5)
urinary bladder (illustrated from Kapur et al. (2012), data from Egger et al. (2012¢))

Figure 9: Axialcross section of the anatomical structure of the lower female pelvis: (1)
Rectum, (2) Vagina, (3) Urinary Bladder, (4) Fossa Ischionanalis, (5) Gluteus
Maximus, (6) Tuber Ischiadicum, (7) Os Femoris. lllustration based on (Schiinke et

Figure 10: Axial cross section of the lower female pelvis in-a&®@hted TSE image with
anatomical structures: (1) Rectum, (2) Vagina & Obturator, (3) Urinary Bladder, (4)
Tuber Ischiadicum, (5) O8emoris, (6) Gluteus Maximus, (7) Fossa Ischionanalis,
(8) Gynecological Tumor, (9) Brachytherapy Needles (© FMIMWIED, 2012, MRI
data from (Egger et al., 2012€))......cccceeiiiiiiiiiiiieeee e 20
Figure 11: Depiction of #arectum/sigmoid colon in several different data sets e&ghted
TSE MR images. Its appearance alters in shape, contrast and grey value distribution
in no predictable manner (© TUMIIMED, 2012, MRI data from (Egger et al.,
200 28) )it e et aaa——— ettt ettt e e e e e e e e e e e e et e e aaeeeaeeaaeaaaas 21
Figure 12: Sequence of a manual segmentation of the rectum/sigmoid colon by using the
Draw Effect Tool included in 3D Slicer. The object in (1) is outlined slice by slice by
a draw effect tool (2), (3) and tleaclosed area is stored (4) (© TEMIMED, 2012,
MRI data from (Egger et al., 2012€)).....cccoviiiiiiiiieiiiieeeeeeeee e eeene e 23
Figure 13: After outlining of all respective organ slices, the volume is calculated and
displayed: (1) Rctum/Sigmoid colon in blue, (2) Tumor in red, (3) Urinary Bladder
in green (© BWHSPL, 2012, MRI data from (Egger et al., 2012e))................. 24
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Figure 14: Segmentation result of the rectum/sigmoid cojottie simple region growing
algorithm: (1) Raw image, (2) First Seed Point, (3) Second Seed Point, (4)
Segmentation Result (© TUMIMED, 2012, MRI data from (Egger et al., 2012¢))

Figurel5: Segmentation result of the rectum/sigmoid colon by the &wotalgorithm: (1)
Raw Image, (2) Cropped Region of Interest, (3) Initialization Scribbles: Background
(yellow), Object (green), (4) Segmentation Result (© TWNMMED, 2012, MRI data
from (Egge et al., 2012€)).....ccceummiiieiiiiiii e et rrrnr e 28
Figure 16: Segmentation of the rectum/sigmoid colon based on a data tree algorithm
implemented in the 3D Slicer EM Segmenter tool. (1) Raw image and cropped region
of interest, (2) Segmentation result of the region of interest (© IMIMED, 2012,

MRI data from (Egger et al., 2012€))........cceveeerireiiiiimmmee et emeeeeeen 29
Figure 17: Example of a sudgtive contour (1) which can be found by an active contour
approach (2). Altered from (Kass et al., 1988.............coovvriiiieeeeeeiiieeeeeeiis 30

Figure 18: Segmentation of the rectum/sigmoid colon by an active contour model
implemented in the 3D Slicer Robust Segmenter tool. (1) Raw image, (2) Cropped
region of interest, (3) Initialization with 2 label maps, (background: yellow, object:
green),(4) Segmentation result (© TUMIMED, 2012, MRI data from (Egger et al.,
20 L 2B) )ittt ettt ta—————————ttttaaaaaae e e e e e e s a——aaaaeaeaaaeaanaaas 31

Figure 19: Common interactive segmentation methodologies where the user provides input
information by class scribbles: (1) object (green), background (yellow), (2) object
(red), background (blué® TUM-MIMED, 2012, MRI data from (Egger et al.,

20028 )it et e aa—————————tttttttaaaa e e e e e e e an——aaaaaaeaaaaaaaaaas 33

Figure 20: lllustration of interactive segmentation methodologies: (1) The user draws the
object contour with fat brush tool, contds automatically calculated within this trail,
(2) User can improve automatic segmentation result (yellow line) by dragging object
control points (yellow dots) (© TUMMIMED, 2012, MRI data from (Egger et al.,

120 2= ) RSOOSR 33
Figure 21: Object outline (1), drawn user contour (2), scaled user contour serving as template
(3) (© TUM-MIMED, 2012)....ccciieiiiiiiiiieeeeiiiienmiiiieeeeeesssinineneeesssmenssssnsneeeeesnnnn 40

Figure 22: Scaled contour serves as tategfor a segmentation (4), template position is
determined by useatefined seed point (5), segmenation result is calculated (6) (©

Figure 23: The calculated segmentatiesult (grey) (7) is scaled and serves as template for a
next segmentation (blue) (8) (© TUMIMED, 2012)...........cccoooviiiiiiieeeeeeeee 41

Figure 24: User workflow of the presented interactive segmentation algorithmttérsser
traces the object contour. Second, the user skips to a next slice and determines if a
deviation to the drawn contour occurs. If not, the user skips to a next slice. If yes, a
seed point is set and cut calculated. If the result is satisfyings#reskips to a next.

If not, the user can either drag a contour point, drag the seed point or reinitialize by
redrawing the object contour (© TUMIMED, 2012).........ccccccvvivieiiererinennnnnnn . 42

Figure 25: User traces objemutline in slice nr. 0, (1) (3) (© TUM-MIMED, 2012, MRI
data from (Egger et al., 2012€))........uuuummmiiiiiiiiiieeriiiiiiie e 43

Figure 26: User skips slices where no noteworthy deviation from the last contour occurs (©
TUM-MIMED, 2012, MRI data from (Egger et al., 2012€))..........ccccuvvrrrrrrinnnnns 43

Figure 27: Deviation from the previous contour (6), user sets seed point (7), segmentation is
calculated (8), improvement by interactiveglyang of seed point (9), new calculated
segmentation result (10), interactive improvement of contour by dragging contour
control point (11) ) (© TUMMIMED, 2012, MRI data from (Egger et al., 2012y}
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Figures

Figure 28: Major deviation of the segmenation result from the object outline (12),
reinitilization by drawing new object outline (13), new segmentation result (14) ) (©
TUM-MIMED, 2012, MRI data from (Egger et al., 2012€))..........cccevvvrrrrrrrennn.. 44

Figure 29: System overview: The C++ codes of the InteractiveCut and Boykov Library are
implemented in a Microsoft Visual Studio project, which is embedded in a MeVisLab
network. The MeVisLab network imports theage and manual segmentation and
exports the object contour and voxelized 3D object (© TMMED, 2013)......... 45

Figure 30: Implemented MeVisLab® network consisting of 7 disctinct groups (©-TUM

Figure 31: lllustration of the implemented MeVisLab® network and information flow (©

Figure 32:User Contourgroup (4) handling user interactions (© TUMMED, 2013)......48
Figure 33: Marker group (2) handling all calculated marker outputs (©-MUIMED, 2013)

Figure 34:Work Panel3) group,InteractiveCutmodul andmage loadnodul (1) (© TUM
Figure 35: State transition diagram of the implemeitegtactiveCutsource code (© TUM
IMIMED, 2013)...ceiiieiiiiiiiiiee e e e eeiieeestteeee e e e s ettt e e e e e s smmnessssbaeeaeeessanssseeeesemmmeeeeenns 50
Figure 36: lllustration of a simple, undirected graph with 5 nodes andn =7 edges (left)
anda multi, directed graph with a parallel edge and a self laep4 nodes and
m = 6 edges (right) (© TUMMIMED, 2013).........cuuviiiiiiiiieeeeeceemiene e 52
Figure 37: A simple, undicted GraphG consisting of two connected components
(1,2,3,4,5,6) and (7,8). Note that tBdtself is not connected. The set of vertices

(3,5,6) represent a subgraph@{© TUM-MIMED, 2013).........cccceiiiiiieeeeeeeieennns 53
Figure 38: Example of a flow network with teeurces andsink t. The flows and capacities
are denoted byf (v,, Vv, ), (%, )(© TUM-MIMED, 2013)........cccceoviiiiniiniiinnnn, 54

Figure 39: A cutC in the network example of Figure 38. The sulSet{ s1,2} (red) is
related to the source and thabsetT ={3,§ (green) is related to the sink. The-cet
C,; consists of the set of edgf{2, 3),(3,1), (1t )} and a capacity of
cap(S =2 R 4 (© TUM-MIMED, 2013)......cccceetiiiiiiiieeeeiiinnmiiireeeeee e e 55
Figure 40: Representation of the segmentation task as a graph networksfvarmoes to a
sinkt. The image is seperated from the background through a minimal cut (© TUM
IMIMED), 2013 . uuuuiiitiiiiiiiieeieeeeeeeaeteebee e e e e e e eeeaeeeeesesamteeeeeeeeeeaaeeeaaeasassaammneaeeeens 56
Figure 41: Various graph template shapes, template (green and blue), seed point (white),
segmenation result (yellow): Raw image (1), square template (2), triangle template
(3), heart shaped template (4), dynamic templaer drawn or previous cut, in this
case: user drawn template (red) (5) (© TWNMED, 2013, MRI data from (Egger
BT AL, 2002€)). ...ttt 57
Figure 42: Center of mass of different shapes. The pogifithe center of mass varies
depending on the number of markers, although the spanned area stays equal-(© TUM

IMIMED), 2013 . uuuiiiitiiiiiiiiieeeeeeeeeeneeettee e e e e eeeeeeeeesseamteeeeeeeeaaaaeeaeaeasassaammneeeeeens 59
Figure 43: lllustration of the calculated mass center (greehgamiroid of polygon (pink) of
two different templates (© TUMAIMED, 2013)........ccccuiiiiiiiiiiiiiiiecie e 60

Figure 44: A given template is scaled by a certain scaling factor s with the centroid of the
polygon as the fixegoint. The cut in (1) (yellow line) is taken as a template and
scaled (2) (green line), which is then used as a template for a next cut (3) (green dots)

(© TUM-MIMED, 2013, MRI data from (Egger et al., 2012€))............cccvvunn.... 62
Figure 45: Graph node distribution from a given template and seed point position (© TUM
MIMED, 2013, MRI data from (Egger et al., 2012€))..........ccceviiiiiiirimmmrinnnennn. 63
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Figure 46: Difference betwedhe mass center (green) and the centroid (pink) (1), and
corresponding node distribution based on the mass center (2) (GMIMED,

120 ) P SUEUPPRRRR 63
Figure 47: lllustration of three different grapleight types: xyweights, zweights and-t
Weights (© TUMMIMED, 2013).......coovieeeeeeeeee e eeeeeeeeeeeesee et en e enee e e 65

Figure 48: Effect of two types of allocateednight capacities. In (1) the transition from
intensity low to high areas preferred, in (2) the transition from hight to low
intesities is preferred (© TUMMIMED, 2013, MRI data from (Egger et al., 2012¢))

Figure 49: Implemented 3 zone strategy for the aliopaif tweights. (1) Cut of a previous
slice used as template, (2) Allocation afeights according to their zone (3)
Resulting cut in zone 1l (© TUMMIMED, 2013, MRI data from (Egger et al.,
200 28) )ittt eaaa———————t ettt e ta e e e e e e e e e e e e e e aaaaeaaaaeaaaaas 68
Figure 50. Effect of graph collapsing (1), Segmentation result with implemented three zone
strategy, collapsing prevented (2) (© TUMIMED, 2013, MRI data from (Egger et
Al., 2002€)) .ttt e e e e e n e rrrraaeeaans 68
Figure 51: lllustration of the xweight implementation, the effect of the paramd2eand the
resulting costs. Exemplar® 4, c,, = & (1) costs=2 3 , (2) costs=2 3 , (3)

costs=4 3 (altered from (Egger, 2012)).......ccccurummmmmmmieiieeeiiiiiiiieieeeeee e e e e 69
Figure 52: lllustration of a completely connected and weight assigned graph network (©

Figure 53: Set of object contours: (1) slices skipped, (2) skipped slices interpolated, (3)
voxelized object, (4) voxelized object (yellow) superimposed in the patient anatomy
(© TUM-MIMED, 2013).....0cueuieeieieeeeieeeesiemesesetseseseesesses s s sssssmsessesesnsnesssseneeens 71

Figure 54: lllustration of three different segmentation scenarios and their respective DSC : (1)
DSC(A,B) =0%(2) DSQ AB=2 3M A B/(M A ¥ B, (3)DSC=100%(©

Figure 55: MeVisLab® network for the computation of the DSC and Hausdorff distance: (1)
image loading and preprocessing, (2) DSC calculation, (3) visualization, (4)

Hausdorff distance calculaid© TUM-MIMED, 2013)...........cuuiiiiiiiiiiiiiiieennnnee. 75

Figure 56: Image loading and preprocessing of the calculated and manual segmenation result
for the calculation of the DSC and HD (© TUMIMED, 2013).............cceeeeviinnn. 76

Figure 57: Calculation of the DSC by predefidddorithmmodules (© TUMMIMED,
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Figure 58: lllustration of the Hausdorff distancetiwo setsA andB where
h(AB), (B A (© TUM-MIMED, 2013)......ccuuuuuiiiiiiiaeeeeeeeeeininnnnnaeeeeeeeeeeens 1.7

Figure 59: MeVisLab® module used for calculation of the Hausdorff distance (©-TUM

Figure 60: Experimental evalution of the InteractiveCut methdology with MeVisLab® (©
TUM-MIMED, 2013, MRI data from (Egger et al., 2012€))..........ccccevvrrrrrrreenn.. 78

Figure 61: Segmentation results of the rectum/sigmoid colon. For (2) and (4) the red area
indicates the InteractiveCut result, the green area the expert manual segmentation
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Figure 62: A concave shape can challenge the algorithm due to its seed point rodilesl star
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Figure 63: Comparison of segmentation result performed manually (green) and with the
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bright, contrast medium filled area is included in the segment&® TUM-MIMED,
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AMIGO
BWH
DLL
DSC
EBRT
GRE
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ICRU
IGBT
Nrrd
OAR
RSS
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SPL
TrueFisp

TSE

Active Appearance Models

Advanced Multimodality Image Guided Operati@gite

Bri gham &HodgmtahBostonsUSA

Dynamic Link Library

Dice Similarity Coefficient

ExternalBeam Radiation Therapy

Gradient Echo

Grey Value

Homogeneous Coordinates

Hausdorff Distance

International Commission on Radiatibimits and Measurements
Image Guided Brachytherapy

Nearly Raw Raster Data

Organat Risk

Robust Statistics Segmenter

Seed Point

Surgical Planning Laboratory, Harvard Medical School, Boston
Fast Imaging With Stely State Precession

Turbo Spin Echo
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