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characteristics, the relative location of VH with respect to the linea alba and linea semilunaris, and the
relative location of VH with respect to skeletal landmarks and the umbilicus. The fourth row, from (j) to
(1), demonstrates feasibility of measuring the VH defect size, width and length of VH, and ratio of volume
size between the hernia sac and the abdomin&l/Cav.............cccoooiiiiiicccriieneeeee e, 58

Figure IV.1. The four states of the model iN IVR...........coooiiimem e 63

Figure IV.2. lllustrations of the proposed system in use. (a) Surgeon using the system. (b) Virtual
hand interactingvith 3D abdominal model. (c) Navigation of axial slices. (d) Navigation of sagittal slices.

..................................................................................................................................................... 64
Figure IV.3. lllustration of user interaction with the abdominal madel.................ccvvueeee.l 65
FigurelV.4. Volume rendering for abdominal wall CT SCan.............cccvvviviiieesieeeee e 66

Figure V.1. lllustration of the ingge qualities in Ventral Hernia CT. (A) and (B) demonstrate CT
scans with low artifacts for normal abdominal wall and for herniated region, respectively. ((T)
illustrate challenges from the segmentation of anterior abdominal wall, where red arrcvedeiride
challenging regions in each scenario. (C) The linea alba is thin and of lower intensity than normal. (D)
The linea semilunaris is thin and of lower intensity than normal. (E) At the herniated region, the
abdominal wall is stretched and can be lyaseen. (F) The hernia volume is folded, which introduces a
large curvature. (G) The patient is slim, which makes it hard to differentiate the muscles from the skin.
(H) The umbilicus can interfere with the smooth contour of the abdominal wall. () pénkhe fat are
of similar intensity with muscles. (J) Metal implants result in streaking artifacts in CT scans......69

Figure V.2. Flowchart of the proposed method. The target image was-i&fjiistered to a
probabilistic atlas in terms of the extracted high intensity structures. Specific types of bony structures
were then identified by trarsfring labels from the atlas to the target image based on a Bayesian
framework, which incorporated the position information from the atlas and the intensity distribution for
each label. After the skin is segmented by a curvatanstrained level set metthothe two anterior iliac
crests and all visible ribs are selected as landmarks, based on which three coordinates were created. The
skin is then colored with RGB values converted by the normalized shortest distances to the biomarkers.
Texture analysis fatiwed by a fuzzy eneans procedure was used to estimate a weisel probabilistic
membership. An edge map was derived from the membership to guide the level set evolution, while the
hard segmentation of muscles from the membership combined with the segnskim was used to
derive the initial start. Ground truth was manually labeled for the abdominal wall to calculate the surface
errors of automatic SEgMENTALIQN...............ooiiiiiii e e e e e eas 72

Figure V.3. Proposed texture analysis. (A) Original CT image; (B) Hard segmentation of different
structures; (C)i (J) illustrate the membership probability for each of the ewjbsters, which are
estimated from fuzzy -means clustering on texture features extracted by Gabor filters. Within each
cluster, the probability value indicates partial membership to the cluster. Note that fat tissue and muscles
can be identified from (Hand (J), respectively. (B) is constructed by the modes of among the eight
clusters for all voxels, where we note that the muscles and fat tissue are effectively partitioned for
assistance of the following ed@yased level set segmentatiQn.................eeeeeiiicreeeeeeieeiieeiieeeeeeee 16

Figure V.4. Edge map and level set results of four methods. The four columns illustrate the
results @ the original image, the image smoothed by an anisotropic filter, the membership estimated by
an intensitybased fuzzy eneans clustering, and the membership estimated by a tdxsee fuzzy
means clustering, respectively. The first row shows thensitie images (first two columns) and
membership images (last two columns). The second row shows the edge maps directly derived from the
images of the first row. The third row illustrates the contaalptisted edge maps for ease of level set
evolution. Notethat the level set front tends to proceed at brighter regions, and to stop at darker regions
on the edge map. The fourth row presents the level set results (represented with red contours) on anterior
abdominal wall segmentation for four methods with @& parameters.............ooovvvveeiiiineeeeeenn. 77
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Figure V.5. Process of level set segmentation on anterior abdominal wall for three subjects. The
red contours indicate the current segmentation for each process. The first two cshmanghe
preparation for the initial start. The last four columns illustrate the iterations of level set evolution. Note
the third column demonstrates the initial start of the level set segmentation..............ccccceeceeeeeee 79

Figure V.6. Quantitative results of anterior abdominal wall segmentation. Four level set methods
based on different edge maps (1. Green b&seline original image; 2. Magenta cross: smoothing image;
3. Red circle: intensity clustering; 4. Blue diamond: texture clustering) are evaluated in terms of surfaces
distances. The first column denotes the error metrics for the whole wall, whilectredsand the third
column focuses on the hernia region and the normal wall region, respectively. The top row illustrates the
cumulative fraction of region based on increasing 3D surface distance error between interpolated wall
from manually labeled grountduth and the automatic segmentation. The bottom row shows the error bar
of mean surface distances. The subject indices are sorted in terms of the mean of the overall mean surface
distances of the texture clustering method. Note that 9 out of 20 subjeetsib hernia labeled in the
truth, which is indicated as gold stars in the midatdtom plot. Four subjects (A, B, C, D) are selected to
illustrate the qualitative results iN FIQUIE V7. 83

Figure V.7. Qualitative results on selected subjects from Figure V.6. The letters (A, B, C, D)
match with the subjects circled in Figure V.6. The lefagdasshows a volumetric view of segmentation.
The right part presents the results on several slices. Note blue denotes the automatic segmentation, green
denotes the manually labeled anterior abdominal wall on sparsely sampled slices, and red denotes the
marually labeled herniated region. In addition, in the slice representation, the segmentation errors for the
normal abdominal wall are highlighted in yellow, while those for the herniated region are highlighted in
[0 1= o PP PPTT 85

Figure V.8. Error maps for 20 subjects. The shape of the error map is provided by @latén
spline interpolation of # anterior abdominal wall on manual labeled meshes, where the lateral
boundaries of the interpolated surface is also given bypihie spline interpolation, but on the
terminations of the label meshes. The rendering color represents the 3D surfacee disian the
automated segmentation to the interpolated abdominal wall. Note that errors are most prominent in fascia
oL a Lo I a1l g g1 F= T (=T o (0] oI PSP P P PP PP PPPPPPPPTRRI 86

Figure VI.1. Flowchart of the proposed AASM approach. Shape models and local appearance
models are constructed basmdthe atlas images and labels during the training stage. When testing on a
target image to yield an estimated segmentation, an iterative process is performed. During each iteration,
regiontbased LS is used to evolve on the probabilistic map generated\blf M augment the traditional
active shape search by global optimization, followed by the active shape regularization on the
segmentation. Note that the borders of blocks are colored in distinctive colors. The small colored boxes
within a block represenits prerequisite blocks in corresponding colors. For example, -atlds
probability map requires (1) atlas images, (2) atlas labels, and (3) target.image...........cccceeeeeee... 93

Figure VI.2. Results of a toy example. (a) Qualitative comparison between ASM and AASM
segmentation on an individual observation. (b) Quantitative comparison between ASM and AASM
segmetration in DSC across 100 cregalidated 0bServations..................eeveeiiiicceeeeeeeeeeeeeeeeeeeeeeee 95

Figure VI.3. Qualitative compeon of ASM, MALF, and AASM segmentation of abdominal
wall. (a) - (e) demonstrate slices in five exclusive classes on one subject. The green arrows indicate
segmentation outliers including speckles, holes,-segmentation, and label leaking problems......98

Figure VI.4. Qualitative comparison of ASM, MALF, and AASM segmentation of spinal cord.
(a) - (e) demonstrate slices at five different locations (from bottom to top) on one subject. (f) illustrates
the 3D surface renderings of the segmented GM (left) and WM (right) colored in the surface distance
error towards the corresponding manual SEQBIEIMS. .............eeiiieeiriiiiimreriiiee e e e eesaees 102

Figure VI.5. Quantitative comparison of ASM, MALF, and AASM segmentatiopiobtcord in
terms of DSC, MSD and HD. Note that additional zoofimedoxplots are generated for MSD and HD to
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compare the results in a limited range. The yellow diamond marks indicate the subject demonstrated in
FIQUIE VLA ettt et e et e e e e et e e e e e e e e e e e e e e s ammme e e e e n e 104

Figure VI.6. Parameter sensitivity tests to compare ASM and AASM on the toy example. DSC
and MSD are collectedgn three sets of varying parameters: (a) the initialized mean shape position with
respect to the ground truth along x and y directions, (b) the length of the local search range, and (c) the
standard deviation (std.) of the Gaussian kernel applied on rthend) truth, based on which the
probability map used by AASM is generated (no change on ASM)..........coovvvvivevieeeiiiiiiiieieeeeen, 105

Figure VII.1. Challenges of atldsased spleen segmentation. (A) The intensity image of the
target. (B) The manually labeled ground truth of the targeti ((F)) The atlas labels registered to the
target space. (G) The fusion estimate by majarite. (H) The fusion estimate by locally weighted vote.

Figure VII.2. Posdree implicit parametric shape model. The shape model is represented by
signed distance function (SDF) of each voxel over the whole volume. The region within the zero level set
(highlighted in blue) is considered as the binary shape representation. The secohstates the mean
and the first four modes of variation of the shape model. The first and the third row present the specific
shapes parameterized by the square root of the eigenvallues................ooeeeeviiiiiiiiiiicccicee e 112

Figure VI1.3. Flowchart of the proposed method. The atlas labels aegistered to construct a
posefree implicit parametric shape model, including thean and the modes of variation of the spleen
shape. The atlas images are registered to the target image, based on which the atlas labels are propagated
to the target space. The locally weighted vote yields the initial fusion result of the registeréabattas
weighted by the local intensity similarity between the registered atlas images and the target image in the
form of a fuzzy estimate of label probability and a binary estimate of spleen segmentation. The binary
image of the mean shape from the-poestructed spleen shape model is registered to that of the current
estimate with two distinct effective ranges, i.e., (1) the whole volume of both image and (2) the mean
shape region, of the similarity metric of registration so that the-fpeseshape maal is transformed into
the target space. The current estimate of the spleen is then projected to the two registered shape models.
The shape projections are converted into probabilistic priors to adjust the label probability from locally
weighted vote, anthen generate a new estimate of the spleen. The estimate can be refined with iterative
= o [0 1S 10 0 =] oL PP PP 114

Figure VII.4. Fusion results by locally weighted vote and the proposed-sbap&rained method
on 20 subjects. The results of the two methods are placedbysiide for each subject for comparison.
The background rendering provides aerehce of the surrounding anatomy (ribs, kidney, etc.). The
rendering of the spleen segmentation is colored in terms of the surface distance from the estimate to the
ground truth. Note that we use symmetric (the average-dirdiitional) surface distanaes the error
metrics for validation in Table 1, but the eway surface distance here for ease of visualization..117

Figure VIII.1. Twelve organs of interest (left) and registration examples of variable qualities for
one target i mage (right). Note that the fAgoodo,
regarding the orgawise carespondence after the atlas labels were propagated to the target.ineife.

Figure VIII.2. Organwise examples of variations after nogid registrations. For each panel, the

Figure VIII.3. Flowchart of the proposed method. Given registered atlases with variable qualities,
atlas selection and statistical fusion aomsidered as two necessary steps to obtain a reasonable fusion
estimate of the target segmentation. The SIMPLE algorithm implicitly combines these two steps to fusion
selected atlases; however, more information can be incorporated to improve thegatkstagon, and a
more advanced fusion technique can be used after the atlases are selected. We propose to (1) extract a
probabilistic prior of the target segmentation by context learning to regularize the atlas selection in
SIMPLE for each organ, (2) uskint Label Fusion to obtain the probabilistic fusion estimate while
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characterizing the correlated errors among the selected -spgaific atlases, and render the final
segmentation for all organs via graph CUL............c.uuiiiiiii e 121

Figure VIIl.4. (top left) Target slices and the associated manual labels. (middle left) Simulated
observations drawn from an imitlual target slice with a randomly generated transformation model. (top
right) The mean DSC (over 40 target slices and three organs) values evaluated for six label fusion
approaches using different numbers (from 15 to 100) of atlases. (bottom right)-wdsgaDSC
performances for the fusion results using 40 simulated atlases. (bottom left) Fusion estimates using 40
simulated atlases overlaid on a representative target slice, and annotated with the mean DSC value over
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PART 1

INTRODUCTION

1. Background

The human abdomen is an essential, yet complex body space clinically. Bounded by diaphragm
superiorly and pelvic inferiorly, supported by spinal vertebrae, and protected by muscular abdominal wall,
the abdomen contairegans involved with blood reservation, detoxificatioripnation, endocrine, and
digestion, and covers many important arteries and veins. Computational Tomography (CT) scans are
routinely taken for the diagnosis and prognosis of abdemated diseasesuch as the pathological
injuries or changes of abdominal organs, and the abnormal extrusion in the abdominal wall, i.e., ventral
hernia (VH), so that internal anatomic structures can be evaluated qualitatively without opening surgery.

Qualitative assessme could cause substantial subjective variations in treatment delivery for
diseases. For examplto date, there is no standardized method for VH classification and repair that
consistently and efficiently describes hernia characteridtadure rates olVH repair stay high, with
recurrencearatesestimated at between 24 and 43 perdéht Therefore, quantitative analysis becomes
necessary, not only for precise measurements, but also for modeling a systematic degreeeof diseas
severity based on all measurable characteristics of specific structures, so that surgeons and radiologists
can act accordingly.

Segmentation on CT images provides a computational representation of the structures of interest
for accessing the characteigst(e.g., width, size, density), and thus establish a foundation for quantitative
analysis. Manual delineation by anatomical experts is the most straightforward approach to extract the
desired anatomic structure; however, it is impractical to have indivi@hatomical experts label large

scale clinical studies due to the time and costs. Further, manual segmentation inherently suffers from



intra- and inter variability given the highly variable appearances of pathological structures in clinical CT

[6]. Crowds our ced, highly paralleled collaborative | ab
the crowdo (e.g., random volunteers with mini mal
to that of p advidials (€.0.asurjegns, fadidlogists) with less costs and restriffions

9.

Fully automated segmentation on lasgele clinical datads been the target of intense efforts for
decades. While extensive studies in brain segmentation have been dey&®p8d and targetedor
therapeutic modifications and as surrogate endpoints in clinical fddls15], abdominal structure
segmentation has begun to draw more attention in recent years.

Abdominal organs have been the main focus. Probabilistic atlases are commonly built-from co
registering the images with existj segmentations to characterize the spatial variations of the abdominal
organs[16, 17]. Spatial standardization techniques have been used to regularize thsuljet
variations throgh landmarkbased normalization, and yield patiespiecific probabilistic atlasg4.8-20].
Statistical shagp model approaches were developed to represent the anatomic shape changes of individual
organg[21, 22] and / or the inteorgan hierarchieR23]. Graphbased methods provide an opportunity to
combine shape and spatial models with otlempriori information (e.g., appearance, contrast
enhancement), and yield global optimal segmentati@#s27] Multi-atlas approaches were newly
adapted to abdominal organ segmentafidf]. Such techniques have been shown to enhance the
generality and roustness of segmentations as opposed to that of the segmentations based on probabilistic
atlases or statistical models that may be hampered by vpititinlation variation§l3].

Segmentation of the abdominal wall is also of interest doatenrelated analyseZhang et al.
aligned and transferred pdefined muscular models at multiple key positions according to anatomic
knowledge, and used active contour model methods to smooth the muscle segn@®aticinung et al.
trained a shape model in conjunction with an appearance prior rfiranually segmented images to
regularize the registration from a binary mean muscle shape to the target image usiegcB@zd Free
Form Deformation[30]. Ding e t al . u s e dfreeadef@niablepmogep to megister the inner

2



boundary of the wall for ease of segmentation and visualization of abdominal ¢8dhn¥ao et al.
segmented the outer surface of the abdominal wall to separate subcutaneous and visceral adipose tissue by
fuzzy cmeans clustering and active contour moda. Zhu et al. provided an interaat approach to

remove the entire the abdominal wall to reduce the sliding motion effect on thiegigbregistration of
abdominal imageg33].

While all efforts above show different degrees of success in extracting abdominal structures, there
has been very limited dedication to a generapose solution for clinical use. In clinically acquired CT,
additional vaiations from the imaging formats (e.g., field of view, resolution), contrast phases, and
artifacts greatly challenge the robustness of automatic segmentation. Further, the pathological conditions
(e.g., obesity, cancer, hernia, atrophied / enlarged /egblatmplanted organs) are commonly observed.

The capability of handling the segmentation of lasgale clinical data with all these problems included

defines a critical perspective of the clinical significances for the segmentation techniques.

2. Overview

In this dissertation, we develop algorithms for robust automatic segmentation of abdominal
organs and abdominal wall in clinically acquired CT. The rest of the document is organized as follows. In
Chapter |, the abdominal anatomy on CT imaging is descritvith the focus on the challenges of
segmentation for clinical analysi€hapter Il reviews preliminary knowledge of image segmentation
techniquesChapters Ill ~VI focus on abdominal walChapter Il establishes a detailed, reproducible
anatomical labetig protocol forventral hernia characterization on CT scans with abdominal wall surfaces,
fascia boundaries, and bony landmarks as a foundation for clinical endpoint predittapter 1V
develops an immersive virtual reality system to visualize abdomaiafiland associated structures on
abdominal CT of ventral hernia patients for better anatomical understar@iiagter V integrates
texture analysis into level set approach to improve the robustness of the segmentation of the outer surface
of the abdominlawall given the commonly observed irregular structures induced by ventral hernias.

Chapter VI presents an augmented active shape model framework to robustly extract the whole



abdominal wall and accurately measure the subcutaneous and visceral fatrapters VII ~XI
investigate abdominal organ<Chapter VII starts with a single organ (spleen), where implicit shape
models are integrated into mu#tilas segmentation to constrain the outcome. Chapter VIII proposes a
new atlas selection technique intaigrd with context learning, and establishes an automatic-atlals
segmentation framework for multiple abdominal orga@sapter IX designs a pipeline combines
computerassisted segmentation and manual outlier correction, and investigates its robagsthess
efficiency in deriving spleen volumes on a longitudinal clinical dataShapter X evaluates six
academically poplar registration methods on abdominal CT, provides recommendation for registration
based applications in abdomen, and suggests dirediionfuture development of abdomepecific
registration toolsChapter Xl integrates an organ localization technique into the ratitis multiorgan
segmentation framework, and demonstrates improved performadicapter Xll concludes the main

contributians of the dissertation, and discusses potential opportunities on future efforts.

3. Contributions
This dissertation aims to booster the clinical significance of structural abdominal segmentation in
CT imaging. Thus, our focus covers not only (1) robust aatensegmentation, but also (2) effective
clinical application based on the segmentation. The ultimate goal of this dissertation is to provide a
general image processing pipeline to capthieestructures of interest within the abdonfies, abdominal
organs and abdominal wall), and thus serve for clinical treatment with quantitative analysis and enhanced
visualization. Specifically, the contributions of this dissertation are:
1. We proposed a framework to provide objective criteria for clinical ventral dnexmalyses,
where robust manual labeling protocol is designed to guide the automated processes in further
study including the segmentation of abdominal wall, and the derivation of elatied

characteristics.



We designed a system to render the segmientaf abdominal structures along with the
original medical data in an interactive virtual reality environment, and dfies the
opportunities for improved understanding of the abdominal anatomy.

We presented an automatic segmentation for the outercsuof the abdominal wall on CTs

of hernia patientsAn edgebased level set method integrated with texture analyss
proposed to extract the anterior abdominal wall, which prohM@dmore robussegmentation

with lessmean surfacerrorscomparedo other publishedmethods.

We developed a robuatitomatic segmentation framework for the whole abdominal wall that
extracts both the outer and inner surfaces and extends from the xiphoid process to the pubic
symphysis. The framework used an augmented ashigpe model that combined mdtias

label fusion and level set techniques, and enables the measurement of subcutaneous and
visceral fat areas with close correlation to those derived from manual segmentation.

We built an implicit active shape model of eph, and integrated into the midtias label

fusion framework to provide more accurate spleen segmentation in cases of problematic
registrations, where parametric (active shape model) angarametric (multatlas label
fusion) methods were seamlesstymbined.

We generalized atheoretical frameworkof atlas selection to account for exogenous
information (e.g., from separate models of tissue likelihood based context features),
combined it with the statef-the-art fusion techniques, and presented autmnmaulti-organ
segmentation with significantly less dependence onrabust registration.

We provideda robust and efficient pipeline for clinical uisespleen volume estimatidhat
deployed automatic computassisted segmentation and manual outtierrection, and
demonstrated its superiorities over traditional clinical approaches.

We evaluated six statsf-the-art registration methods based on their performances on 100
abdominal CT scans, and suggested potential directions for developing registoatis

tailored for abdomen.



9. We investigated random forest techniques for localizing abdominal organs on CT scans, and
proposed orgawise multiatlas labeling on the localized regions of interest that yielded
better accuracy and less computational tiower the traditional bodwise multiatlas

segmentation.

4. Previous Publications

Many contributions of this dissertation have been published. A framework is proposed to provide
guantitative criteria based on a manual labeling protocol for ventral hernisiaipd4, 35]. An interface
is designed to provide enhanced visualization and better understand of abdominal anatomy with a fully
interactive virtual reality environmern86]. Automatic segmentation of the outer surface of abdominal
wall is shown improved with texture analysis on data with excessive pathological confBipi3s)].
Shape constrairft39] is shown to be critical for automatic segmentation of abdominal organs. Context
learned atlas selection, image registration, and orgeadization is demonstrated to improve the raulti

atlas segmentation framework for abdominal orgd06s15|.



CHAPTER |

ABDOMINALANATOMYON CT IMAGING

1. Overview

The scope of the dissertatiominly covers the segmentation of abdominal organs and abdominal
walls on CT scans. Thus understanding the anatomy in the abdomen on CT imaging is critical for that (1)
we can tell what anatomical structures and which properties of structures are impasfzetific clinical
applications; (2) we can tailor the techniques for the context features of the anatomical structures to
segment. In this chapter, we review the abdominal anatomy on CT imaging with the focus on the

challenges of segmentation for ctial analysis.

2. General Issues of CT Imaging

Computational Tomography (CT) is a routinely used scanning technique in clinical analysis using
computerprocessed Xays to generate a series of tomographic image slices that allow the user to see the
interior of human body for the specific scanned area without opening surgery. The CT images, often
reformatted into a thredimensional volume, demonstrate various anatomic structures witfchigrast
resolution based on the differences in the physical densitypgorfablock the Xay beam between
tissues, and the intensity of CT images, i.e., Hounsfield (HU) scale, has relatively consistent range for
specific tissues (e.g., bones appears much brighter than fat tissues in CT scans).

Despite the inherent high congtaCT scans for abdomealated clinical analysis can vary from
many perspectives, which make it challenging for robust automatic segmentation of abdominal structures

on largescale study.



2.1. Field of Views (FOVs)

Various FOVs exist among abdomexiated CTscans.

Along thecraniatcaudalaxis, some scans may range from the top of pelvis to the bottom of ribs
(abdomen CT), while others may have larger extensions, i.e., from the top of sternum to the middle of
femurs (thoraxabdomerpelvis CT). A typical rang of mostly taken abdominal CT scans covers the
xiphoid process for its top, and the femur heads for its bottom (abdpetén CT), which effectively
includes all abdominal viscera, the whole abdominal wall, a large portion of pelvis, spinal vertethrae, an
rib cage, and the bottom end of lungs and heart. This diversity of the vertical coverage brings challenges
of structure localization and spatial alignment between scans (e.g., registration).

Variations of FOV for implane slices are also observed. Somes$, especially for those with
obesity problems, the cresse ct i on all area of the patientsd bodi es
that a circle constraint can be seen on each axial slice. There are also cases that the patients are in contact
with the scanner bore, which may cause streak artifacts on inféigas(l.1a).

In addition, the resolution of clinically acquired CT scans can also vastastially. Among the
cohorts that we have been studying with, the slice thickness (alontattietcaudalaxis) approximately
ranges from 1.5 mm to 7.0 mm, while thepilane resolution ranges from 0.5 x 0.5 mmto 1.0 x 1.0 mm.
Conventionally, the voxs of the CT volumes are highly anisotropic (1.0 x 1.0 x 3.0 mm), the large slice

thickness makes it difficult to yield smootkiB8surfaces of anatomic structures.

2.2. Contrasts

Radiocontrast agentge often used in clinical CT to improve the visibility afdrnal anatomic
structures in Xray. Intravenous (IV) contrast is the mostly used medical contrast medium for abdomen
CT scanning. It is an iodinated contrast agent given through a vein to help highlight abdominal organs,
and detect tumors, infections,camessel diseases. Sometimes; os(PO) contrast, as a dilute iodinated

contrast, is taken orally by patient to enhance the visibility of the gastrointestinal tract.



Figure 1.1. Common CT artifacts: (a) streak artifact caused by bodyscanner contact; (b) ring

artifact; (c) windmill streak; (d) partial volume effect; (e) motion artifact; (f) streak artifact

The timing of taking a scan after the contrast is given is critical to the appearda€drofges.
Early arterial phase, late arterial phase, and portal venous phase are the three typical IV contrast phases in
terms of the propagation of the contrast agent through the vessel system, giving different structures
highlighted as opposed to noantrast phase where no contrast agent is given before scanning.

The distinct appearances (intensity distributions) of different contrast phases can undermine the
robustness of intenslyased segmentation technigues. On the other hand, the relative tcontras
enhancement has been used as extra information to improve segmentation when scans of multiple

contrasts are availabJ&6, 27].

2.3. Artifacts

CT images are susceptible to a number of artifacts despite the generally faithful representations.
Sometypical artifacts Figure 1.1) are described below.

Streak artifacts are often seen around materials that block m@stsXBones, metal implants,

femal e patientsd bra wires can all contribute to

t



Partial volume effects cause the blurring of the edges due to the scanner being unable to
differentiate between a small amount of hagnsity material (e.g., bone) and a &@mount of lower
density (e.g., cartilage). They are most commonly seen when using highly anisotropic voxels, where the
X-ray attenuation within each voxel is not as homogeneous as the reconstruction assumes.

Motion artifacts appear as blurring and/oreakting on image, caused by movement of patient
being scanned; Ring artifacts are usually caused by mechanical detect faukcatilonégion, shown as
Aringso within i mage; Wi ndmi | | streaking appearan

reconstruction plane.

3. Ventral Hernia and Abdominal Wall

A ventral hernialVH) is not anintrinsic bodily structure, buan abnormal protrusion through a
defect in the anterior abdominal muscular walhus the abdominal wall is an important anatomic
structure to characterize ventral hernias, whererthgculargroups and/or fascial connections are typical
extrusion spots of VHs, and several skeletal landmarks can be used to localize VHs on the hiddimina
In Chapter Il , we will propose a detailed labeling protocol based on the abdominal wall structures for
herniaoriented clinicalanalysis;here we first introduce the related anaton{ieigure 1.2) briefly, and

then describe several typical challenges for abdominal wall segmentation on clinically acquired CT.

3.1. Muscular Groups

The rectus musclesform the anterioimost muscular layer. The rectus consists of a pair of
muscular columns oriented along the dewveatral axis. They are connected superiorly at the xiphoid
process and extend inferiorly to the pubis.

There are three main muscles that enak the group obblique abdominalmusclesthe external
oblique, the internal oblique, and the transverse abdominal. These three muscles attach superiorly to the
5th through 12th ribs, inferiorly to the iliac crest, and extend across the anterior addeatinaward

the rectus muscle along the midline. They form the lateral boundaries of the abdominal wall. Although the
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Figure 1.2. Abdominal wall and related landmarks (a) rectus muscles; (b) oblique abdominal
muscles; (c) linea alba; (d) linea semilunaris; (e) umbilicus; (f) xiphoid proces§gy) anterior
superior iliac spines; and (h) pubic symphysis.
three lateral muscles can be well recognized, they are not consistently visually separable throughout their

extent on clinical C® espeially at the terminations.

3.2. Fascial Connections

The linea alba runs between the two sections of the rectus muscle. It consists of almost
exclusively connective tissue, including the fused aponeuroses of the rectus and the oblique muscular
groups. It forms the anterionost midline and extends from the xiphoid procagseriorlyto the pubis
inferiorly. The linea alba is easily located on a CT image after identification of the rectus muscle.

The linea semilunaris runs directly aside the left and right boundaries of the rectus muscle,
beginning at the termination of tiedlique muscles. It consists of the aponeuroses of the obligue muscles.

It begins superiorly at the 9th rib and extends inferiorly to nearly join at the pubic tubercle. On CT, the
linea semilunaris can be identified by the anterior termina of the oldlog@minal muscles.

TheUmbilicusi s t he smal | depr esduitdm neof, tllhe an&vdelanare
linea alba slightly superior to the pelvis. On CT, the umbilicus can be seen as an indentigskin
and subcutaneous tissuend as aslight increase of intensity of the anterior dermal layer along the

midline, anterior to théascia
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3.3. Skeletal Landmarks

The xiphoid processis the inferiormost structure of the sternum. It is composed of ossified
cartilage and is located medially, at the superior end of the linea alba. On CT, it can be found as a bright,
bony structure directly in thenidline, and its inferior tip forms theuperior boundary ofthe anterior
abdominal wall.

The left and rightanterior superior iliac spines(ASIS) are the ridges along the superior curve of
the pelvic bone. The anteriamost protrusion of the iliac curve is the anterior iliac spine. On CT, the
anterior superior iliac spines are the anteriwst points of the bright, bony pelvis. They are useful as
surface anatomical landmarkshich are palpableaswell as in defining the inferielateralboundary of
the anterior abdominal wall.

The pubic symphysisis the cartilaginous joining of the two halves of the pubic bones, located
medially and immediately posterior to the external genitalia. On CT, it can be found where the left and
right bright, bony pubic structures nearly touch. It is useful in defithe inferiormost boundary of the

abdominal wall.

3.4. Challenges of Abdominal Wall Segmentation on CT

We consider the segmentation of abdominal wall as to extract its inner and outer surfaces
smoothly. To this end, we expect two general conditions fanstokegmentation, (1) high contrasts for
the boundaries of the abdominal walls, and (2) low variations for the surrounding tissues. However, these
two conditions are not always met on clinical CT for hernia patients. For example, within the herniated
region, the abdominal muscles (rectus / obliques) are highly stretched, and have inhomogeneous intensity,
which can be hardly discriminated from the fat tissues around. Similarly, the fascial connections may
have intensity similar to fat tissues, and causefthtee ak age o probl em for surf ac
other hand, lots of undesirable structures with similar intensity to abdominal muscles can appear around
the abdominal wall, e.g., scar tissue, umbilicus, and sometimes skin tissue of skinny patients. The

contrastenhanced gastrointestinal tract and the speckle noise in fat increases the complexities from the
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inside and outside of abdominal wall, respectively. In addition, the general CT artifacts discussed in
section 2.3 also creates substantial segmentdifficulties, especially metahduced streak artifacts that

commonly observed from patients with metal implants.

4. Abdominal Organs

Underneath the abdominal wall, the human abdomen contains or partially contains a large portion
of important organs, glas and vessels that tightly related to the functional quality of life. Generally on
CT images, most of the abdominal viscera are not hard to identify, while the accurate segmentation of
these viscera is challenging given the complicated environment imaindoAs below, we briefly
describe 11 groups of abdominal viscera on Eigure 1.3), and discuss the abdominal viscera
segmentation difficulties in general. Note that (1) we consider kidneys as abdominal organs, though
strictly they are out of the abdominal cavifg) we «ip the intestines because theerpentindract, as a
whole, is not commonly interested (as opposed to some patholagicaimalities e.g., colon polyps),
and too complicated to segment even by hand(3nkleart and lung are beyond our scope here lsecau

they are in the thorax cavity, and usually not included entirely in abdominal CT scan.

4.1. Spleen

Spleen acts as a blood filter in human body primdsyyremoning old red blood cells and
holding a reserve of blood. It is located in the left upper quadshthe abdomerOn CT, the boundary
of spleenis relatively easy to identify, except that sometimes it is in touch with the left kidney at the

posterior end. Splenic artery and splenic vein divergieeatight hand side adpleen.

4.2. Kidney

The kidneys g essential organs in the urinary system, and serve the body as a natural filter of the
blood, and remove wastes to the urinary bladder. They are located at the rear of the abdominal cavity in
the retroperitoneum. On a regular CT scan in portal venousasbiphase, the intensity distribution of

kidneys is slightly higher than, but share substantial overlap with that of the liver and spleen nearby.
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Figure 1.3. Abdominal Viscera in CT: (a) spleen; (b) right kidney; (c) left kidney; (d) liver; (e)

pancreas; (f) stomach; (g) esophagus; (h) gallbladder; (i) adrenal glands; (j) aorta; (k) inferior

vena cava, (l) portal vein and splenic vein; (m) surface rendering of abdominal viscera.
Renal artery, renal vein, ureter, and renal pelvis loosely fill the concave surfaces in the middle of a

kidney.

4.3. Liver

Liver has a wide range of functions, including detoxification, protein synthesis, and production of
biochemicals necessary for digestion. It lies below the dagoh in the abdominadelvic region of the
abdomen. It is located in the right upper quadrant of the abdominal c®atge other anatomic
structures are situated tightly with liver. Gallbladder is usuathbeddedinderneath the middle of two
liver lobes;inferior vena cava passes though the rigbdterior end of the upper liver; portal vein extends
branches into liver from its right hand side. A liver can often be observed in touch with the inner surface

of the abdominal wall.
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4.4. Pancreas

Pancreas is bothnaendocrine gland producing several important hormones, and a digestive
organ, secreting pancreatic juice containing digestive enzymes that assist the absorption of nutrients and
the digestion in the small intestine. The pancreas can be essentially dintm¢uee parts: head, body,
and tail. The head lies within the concavity of the duodenum. The body lies behind the stanghch
extends along the splenic veifihe tail is on the left end of the pancreas, lying towards the spleen.
Pancreas has a fuzaxture, and a slightly darker intensity than spleen and liver, its head part can be very

confusing to distinguish from duodenum.

4.5. Stomach

Stomach is a muscular, hollow, dilated part of the digestion system which functions as an
important organ of theligestive tract. The stomach is located between the esophagus and the small
intestine. The gastrointestinal junction is divided at where the digestive tract looks pinched (pyloric
sphincter).Stomachis on the left upper part of the abdominal cavity. Tawe df stomach lies against the
diaphragmA substantial part of stomach may appear as hollow, while the rest part is masticated food;
both of them are enclosed by stomach wahle shapeof stomach can vary a ldh terms of food

consumption and the exisitee ofgastric distensian

4.6. Esophagus
Esophagus is an organ which consists of a muscular tube through which food passes from the

pharynx to the stomach.

4.7. Gallbladder

Gallbladder is a small organ where bile is stored before released into the small infédwine.
gallbladder is a hollow system that sits just beneath the Mamal gallbladder looks darker than liver

on CT. Some gtientsmayhave gallstones, which appeardsaght speckles in the gallbladder.
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4.8. Adrenal glands

Adrenal glands are endocriggands that sit at the top of the kidneghiefly responsible for
releasing hormones in response to stress. They are wisBbaped structusewith similar intensity and
texture as pancreaand situated bilaterally in the retroperitoneum superior tokitheeys The right
adrenal gland is usually close to the left hand side of liver, and left adrenal gland is be nearby the

pancreas tail and spleen.

4.9. Aorta

Aorta distributes oxygenated blood to all parts of the body through the systemic circasdiien
largest artery in the human body, originating from the left ventricle of the heart and extending down to the
abdomen, where it bifurcates into two smaller arteries (the common iliac artoes)runs alongside of
the vertebral column on its anteriodei Metal stents can be sometimes observed implanted in aorta,

appearing as bright spots on the boundary of aorta.

4.10. Inferior Vena Cava (IVC)

IVC is the large vein that carries-dgygenated blood from the lower half of the body into the
right atrium of theheart. It is posterior to the abdominal cavity and runs alongside of the vertebral column
on its right side (i.e. it is a retroperitoneal structure). It enters the right atrium at the lower right, back side
of the heart. A substantialsegmentof IVC passs through liver, where its boundary can be barely

observed.

4.11. Portal Vein and Splenic Vein

The hepatic portal vein is a blood vessel that conducts blood from the gastrointestinal tract and
spleen to the liver. This blood is rich in nutrients that have a#¢racted from food, and the liver
processesghese nutrientsThe hepatic portal vein is formed by the union of the superior mesenteric vein

and the splenic veif.he portal vein and splenic vein together connect liver and spleen.
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4.12. Challenges of Abdominal Viscera Segmentation

Generally, variations from multiple sources dmically acquired abdominal CT images are the
main obstacles of robust automatic segmentation of abdominal viscera. In other words, an approach works
well on segmenting one subject migiat be applicable to another one with much different appearance.

Firstly, the human abdomen is a highly deformable system. Even though constrained within a
certain range, the spatikdcatiors of most abdominal viscerean vary along with the fat deformatn
over different patients or different poses of the same patient. The stomach cahdalgoa large extent
by huge amount of food consumption before scanning and/or gastric distension. Some patients (usually
suffer obesity) may have the viscera gottanich with each other firmly, whicmakes it even more
challenging tosegment eachindividual organ since most viscera share large overlap of intensity
distribution on CT.

Next, the contrast phase of CT scanning atsaributedo the interscan variations. As discussed
in section 2.2, the appearances of the abdominal viscera are highly correlated with the contrast timing of
the scan. While various phases are used clinically, the portal venous phase is the most favoredstV contra
phase because it increases the contrast of some major abdominal organs, e.g., liver, spleen, and kidneys,
as opposed to the naontrast phase. If PO contrast is taken, the stomach and intestines become
highlighted. This might be undesirable when sedgingrother organs given the inherent large variations
of these structures.

Lastly, abnormalities, or pathological conditions are more than comnadsigrve on clinical
CT scans. The cancer or metastasis tissue shows darker than the healthy tissuesraf this
degenerated and atrophied organs appear much smaller than usual; some patients might have the
gallbladder ablated, while others might have an implanted artificial kidney. It is extremely difficult to

adapt automatic segmentation methods to thiesespecific cases.
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5. Other Related Anatomy

Some other anatomic structures carsbpportiveto the clinical analysis of abdominal wall and
abdominaliscera.

The skin surface defines the boundary of human body. Combining with the abdominal wall
surface, the volume of subcutaneous and visceral fat can be measured. These two metrics are very
popularly used in recent clinical studies. The body mask enclosea lskith surface can be acquired by
intensity clustering32].

The bony structures around the abdomen region, including ribs, pelvis andveptearae are
natural landmarks for localizing abdominakegra.Especially the segments of spinal vertebrae, nicely
defines the human abdomen with multiple levels along dtamialcaudal axis [46, 47]. However,

sophisticated automatic segmentation of bony structures will nastsded in thidissertation
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CHAPTER Il

SEGMENTATION PRELIMNARIES

1. Overview

Image segmentation is a process that partitions digital images into msétpteentsandusually
used to extract the objects of interest on imagdéss process is equivalent to assign a distinct label to
each set of pixels or voxels that representsrttipaed segment over the entire image (€36 for the
background, andilo for the foreground object of interesffhe analyses on the segmented objects
become easier with the simplified representat@nce segmented, the object of interest can bdiicel
with enhanced visualization; its geometric properties (e.g., width, size) can be derived from the
partitioned region; the constituent properties (e.g., density, texture) camahzedbased on the image
context under the partition. With these ¢tionalities, medical image segmentation is getting more and
more involved into daily clinicabperationswith evolutional significance (e.g., computEded diagnosis
imageguided surgeryand postperative treatment). In addition, robust automatic seggtien becomes
very necessary for laregeale clinical study in place of the c@sinsuming manual segmentation.

In this chapter, we review some preliminary knowledge of medical image segmentation. The
review mainly coves the techniques used in the piays contributions described in the later chapters.
Note that during the discussion belo@T is considered the default image modalishile most of the

techniques are also applicable to other image modalities

2. Image Features
Technically the key of imagesegmentation is to generalize image features appropriately so that
the image can be divided into meaningful partitions. For example, imagine that we are trying to extract an

apple from a piece of white cloth beneath it in a picture, we might considecotbe (intensity)
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differences between apple and cloth, and the generic shape of an apple as the image features for
segmentation. Having a good understanding of image features is critical to image segmentation. It helps
us to answer the questions like (1high image features provide the primaltigcriminant for specific
segmentation tasks; (2) how multiple image features can be weighted and adapted for images with large
variations; (3) when some image features should be included for refining the segmetitatigh they

cannot handle the segmentation by themselves. We consider that image features can be categorized into

three classes discussed below.

2.1. Intensity -Driven Features

Most image segmentation methods operate based on intdrigsiy features, including the

image intensity, and other pixefise values derived from intensity.

2.1.1.Intensity

Intensity, or grayscale, is the most basic image feature, it is the value assigaeth foixel on
image. If using linear intensiyarkness lookup table, intensity is basically what we see on images. Thus
naturally, if the object to segment looks darker or brighter than the rest part of image, it could be
identified by intensity, e.g., amntensity threshold wouldeffectivdy extract the object from the
background. Note that color digital images are made of multipdanelgrayscale imagedut beyond

our scope of discussion. Here we focus on siagbnnel images as most medical imagelafities.

2.1.2.Edge

Most objects of interest are confined by edges (boundaries) in image. Thus identifying the edges
of objects can help to extract the object. Sometimes, these boundaries are the actual target interests. The
edges on images are mostly charazéet by image gradient, while the gradient is a vector of the first
derivatives of intensity along all image dimensions, or more commonly considerediastiren of the

vector. Generally, strong edges have large gradient, blurry boundaries correspomndietate gradient,
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while gradient over flat regions approaches zero. Lot of-bdged segmentation has been employing the

discriminanteffectivity of local gradienf48-52].

2.1.3.Texture

Texture can be considered as the appearance represented with repeated local patterns. Textures
with different local patterns are distinguishabé.g., we can tell the wood texture from that of the fabric.
Texture analysis has been a long studied technique in computer j§lorand has been applied to
medical imagind54]. Variousapproaches characterize textures differently, among which methods using
co-occurrencematricesand Gabor filters are most commonly used-dCourrence matxi considers
texturesas the spatial distribution of intensitifss, 56]. It represerd the seconarder statistics of the
image where relationship between groups of two voxelre collected. Based on the-accurrence
matrix, Haralick et al.[57] proposed 13 features to describe local textures. On the other Gahdt
filters extract features in frequency domain by passing images through-ahahnel filter operators
With a bank of Gabor filtersydquencies and orientations at multiple scakesbe collectettom images
as texture features for classification and segmentfii®62]. The perceived local textures can be used as

an alternative ofin addition to the intensity valuésr image segmentatidi63-65].

2.2. Atlas-Based Features

Image atlas represents an existing segmented object (i.e., atlas label) along withetktarnage
(i.e., atlas image), which provides an example for how the desired object should be segmented. Thus in
medical imaging, atlabased features are often used since the human anatomy is generalizable in terms of

spatial distraction, shape and appeae.

2.2.1.Spatial Distribution
The principal information provided by image atlas is the spatial distribution of the structure of
interest in the image context. Assuming two abdominal CT images are roughly aligned, and the liver on

one of the image has beendddx, then we can infer that the liver should be at about the same place on
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the other image. Spatial information is extremely helpful in a complicated environment where the
structure of interest share similar intendigsed features with other undesirdcuctures. Note the
alignment of images is a necessary step in common tasks ebasied segmentation, and referred as

image registration, which is discussed in section 3.4.

2.2.2.Shape and Appearance

The shape and appearance information can also be generalized from multiple image atlases. Still
taking liver as an example, given various liver segmentations on multiple images, it is reasonable to
assume that the liver shape on a new image is most Nfyn the variations of the existing liver
segmentation (if there is no abnormality presented on the new image). This idea induces the theory of
Active Shape Model (ASM,66]), through which the modes of the variations of the object shape can be
represented as a vector of shape parameters in an eigenspace constructed by Principal Component
Analysis (PCA,[67]), and thus fitting a new shape corresponds to finding an optimal set of shape
parameters (e.g., by propagating the shape surface to the bouri{@&)esBy incorporating the
underlying context, Active Appearance Model (AANGS8]) characterizes the modes of appearances

similarly, which provides additional references for segmentation.

2.3. Exogenous Information

Someexogenousnformation assciated with images can also support the segmentation.

Patientsd demography and medi cal hi story provi
For example, female patients have broader pelvis than male ones, older people are more likely to have
atrophy issues, and patients having opening surgery history may share similar patterns of scar tissue. If
available, these types of information can reasonably divide the whole cohort into subsets with smaller
variations, and hence provide improved segmemtdtilored for each group.

In addition, some properties of images, e.g., contrast phase of CT scans, indicate the modes of
image appearances. Learning the contrast enhancement betwesontrast and portal venous contrast
phases as additional indepentdiatures was shown helpful to drive the image segmen{&&a7].
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3. Pre-Processing

In practice, image regularization is often required before segmentation due to (1) varieos field
views (FOVSs), (2) inhomogeneous intensities, €83essive noise, and (4) ralignment between target
and atlas; otherwise the segmentation might hardly work. Thus sonm@ogessing techniques are
applied to images to unleash these problems, and help the segmentation methods more applicable to

images.

3.1. Region of Interest (ROI) Selection

When the desired object to segment is much smaller than the FOV of the entire image, an ROI
selection might be necessary so that (1) redundant regions are removed, (2) confusing undesired
structures are reduced, and ¢®mputational time becomes less.

Manual selection of ROI is an acceptable option as long as the structure of interest is easy to
identify. Several approaches can be considered to automate the process. When image atlases are available,
and the registratits are robust, an ROI can be considered as the union of the registered the atlas labels
[69]. When some landmarks are easy to extract automatically, and they roughly covers the range of the
structure of interest, the ROI in the form of bounding box can be derived from the coordinates of the
landmarks. Recently, sophisticated localization techesgare presentefir0, 71], where ROls are

robustly extracted by learning the image context.

3.2. Intensity Normalization
Intensity normalization is a regularization process on the range of intensity values. It is often used
to enhance the contrast over a certain intensity range so that some objects become easier to identify on the
image. Consider the originhage Owith intensity range fd , the normalized imag@with intensity
range © ho |, then a commonly used linear normalization can be described as follows

O

§©)

= () 2.1
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In CT scansjinear intensity normalization might be used for the following situations with
specific configurations of the desired intensity range after normalizatiorex¢{igmdy high intensity
values are observed over the métablants and some bony structures,jsiunnecessarilyproadens the
intensity range of image; (2) the bony structures need to be enhanced as a siéfestone and (3) the

segmentation requires high contrast between muscle and fat tissue.

3.3. Smoothing and De-noising
Image noise can be consiéd as random local intensity variations in digital ima@gésen image
noise is present, the efficacy of image segmentation technigsiesciallyedgebased methods, can be
greatly affected. Thus image smoothing is often necessary to remove the niosgdmprocessing, noise
is considered as high frequency content in the image, thus low pass filters are used for smoothing.
Gaussian filters are mostly usbdcausef its simple form and the fact that most image noise is

assumedsaussiardistributed. Inl-D, the Gaussian filter has the form of

W
0m \é/& dD— (2.2)
ng* ., G

where, represents the standard deviation of the Gaussian filter. In practice, image smoothing is usually
operated by the convolution between the original image and the filtering kernel. An extra variable is
required to define the kernel size, as the digital @edpration of the analogical filter. In addition,
isotropic Gaussian smoothing foi2and 3D images can be performed by convolvir® IGaussians for
all dimensions one after another. When using Gaussian filters, some important image features (e.g., edges
and other details) can be blurred at the same time as the noise is reduced. To address this problem,

anisotropic diffusior{72] and a newly developed techniqusheetness filtef73] can be used to reduce

noise without removing significant parts of images.

3.4. Image Registration

Image registration is a process to transform different images into the same coordinate space, or

more naturally speaking, it is a transformation procedsaligns the contents on different images. This
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process has been increasingly used in healthcare and medical rdsearéh]. With registration,
information associated witthe registered images becomes the additional reference for the target image,
which establishes the foundation for many modern inpageessing techniques. Thus image registration
can be considered as a ym®cessing step for image segmentation, whileqtnaity of registration is
critical for atlasbased segmentation methdds-78].

Theoretically, a registration is generally an iterative process that involves a target image (or fixed
image) considered as the reference, a source image (or moving image) that is expected to align with the
target image, a similarity metric (e.g., fiducial registration error (HRg), sum of squared differences
(SSD),normalized crossorrelation (NCCJ[80Q]), mutual information (MI1,[81, 82]), normalized mutual
information (NM|, [81, 82])) to measure the alignment degree between the two images, and a optimizer
(e.g., gradiat descen{83], Powel | [88 NexerMdad[85]) to help the registration reach an
optimum of the defined similarity metric efficiently along the itemtisearch over all degrees of
freedoms (DoFs) of the image transformation (e.g., translation, rotation, scaling, shearing, deformation).
An interpolator (e.g., nearest neighbour, lingg], spline[87]) is needed to measure and assign intensity
values on the image grids since the registered image voxels are usually located between grids after
transformation.

In terms of theregistration basis, image registration can be categorized into féwtsed and
intensitybased. Featurkased registration seeks to align the correspondent features (e.g., points, lines,
surfaces) in images, through which determines the geometricalomaasion, and then map the source
and target images togethg88, 89. Intensitybased methods drive the registration by comparing the
similarities of the intensitpased metric§90, 91]. With regard to the transformation mode, image
registration can be roughly classified as rigid, affine, andrigpth, where different DoFs are allowed.

Rigid registration permits only translation and rotation; affine registrgt@# allows scaling and
shearing in addition, while the transformation stays linear;-rigith registration enables ndimear
transformatn [93, i.e., local warping, to align images, where the local warping can be modeled with
thin-plate splind94], free form deformatiof@9], diffeomorphismg96], ard etc.
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4. Modern Segmentation Techniques

Several modern segmentation techniques mentioned in the later chapters are introduced below.
We note that this is not a comprehensive review of image segmentation techniques; thref@ildghg
watershed99], active contour naels[48, 49], and graptbased segmentatig00, 101] methods are not

currently covered.

4.1. Bayesian Methods
In the statement of Bayesdé6 theor em,

s, 006D 0O
VOR L T

(2.3)

o is considered as an outcome evénis an observed event, © is the prior probability (initial belief)
that event A occurs) 6 represents generative model that characterites probability distribution

of the randonobservéionsgivena latent outcomd) 6 is the total probability of observation, and act as
a partition function (normalization term), ) represents the posteriprobability of the outcome
given observations.

TheBayes6 theorem provides a very Bpedficaly, f r ame\
consideringd as the segmentation decisiénas the image features, then the Baybsorem naturally
determines the segmentation estimate based on the image features, which can be just a scalar of intensity
value, or a feature vector that includes various image contexts. While in Eq. @iahés usually
estimated roughly and the gidion function serves for normalization, thenerativemodel is verycritical
for the posteriorestimate. Typically, the generative model can be learned with examples, i.e., data with
both observations and outcome, and then applied to Eq. 3 for theneusiimate on newly observed
data. This trainingesting scheme with Bay&theoremhas been thbasis of many supervisedachine
learning[102] and image segmentation techniq{fe33 104.

In practical imagesegmentationthe generative model can be characterized by Gaussian mixture

models (GMMs)[105 106. On a voxelwise basis, le# ¥ 1 represent &dimensionaimagefeature
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vector,& N 4 indicate thesegmentation estimatahere!  pf8 i) is the set of possibleutcomes
The probability of the observed features givengbgmentatioiis & can be represented with the mixture

of 0 Gaussian distributions,

Qe o L e g e H r o H (2.4)
¢“ SF S
where| N g yH Na ,and g N A are the unknown mixture probability, mean, and

covariance matrix to estimate for each Gaussian mixture comp@iEneach tissue typé by the
ExpectatiorMaximization (EM) algorithm followind107]. After the generativenodelis learned from
datasets with knowsegmentations, thsegmentation estimate on unknown datasets can be by Bayesian

expansion with extracted feature vectors.

Qexx 0Qa 0o
B Qext 0 Qa o

Q4 Ooe (2.5)

4.2. Clustering

Data clustering is process to partition observations into different clusters with minimum-within
cluster sum of squares (WCSS) based on the observed features. It can be considered as an unsupervised
counterpart of Bayesian methods, wheremadel trainingis required,insteada number of desired
clusters should be definektmeans clusterinffl0§ is a basic clustering method, whefeer partitioning,
each data point belongs completely to the assigneteclésizzy emeans (FCM) clustering allows data
points with partial membership (fuzziness) of each clyde9.

ConsiderX= e he 8 he. as a set of feature observations for an image &vitbxels, where
e A  represent &dimensionaimagefeature vector, fuzzy-means clustering aims to divide the
observations intdsets with the cluster centers definedras 1t R i8 Rifs . Partition coefficients are

measured as N Tip for the cluster membershifof the observatiofQwhere’Q pf8 RERQ pfB o

The goal is the minimize @bjectivefunction,
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(2.6)

whered is a real number no less than 1, defined as a fuzzawesficient The fuzzy partition is carried

out through an iterative optimization with the update of the vaxst membership and the cluster

centerso

L.

, o ]F (2.7)
o BB
. B ' D%
o (2.8)

and the iteration with stop when the maximum update increment of is less than asmall number
- N 1ip . Note that whend  p, the membershipd converges to 0 or 1, and the FCM clustering

approachesk-means clustering.

4.3. Active Shape Model (ASM)

ASM represents a parametric deformable model that statistically characterizes the shape
variations from the training seASM is often built to regularize the shape of the desitedcturewnhile
segmenting if66).

Classic ASM employs point distribution model (PDM). The building of PDM requires a
collection of correspondingpoints along the shape boundaries or salient featurebeo training sets,
where the shapes from all datasets are usabigipedby registrationto a normalized reference coordinate.
The shape variations are modeled following a Principle Component Analysis (PCA) procedureDIn a 3
casethe coordinates af shape points along tf@ of & training sets in the aligned coordinate are first
defined as

Then the mean shape can be given as



e — o (2.10)

Themodes of variations are given by the singular value decomposition (SVD) of the covariance matrix

?H’f% |B o: o o o (2.11)

where is a diagonal matrix with its diagonal values as the eigenvalyeend< denotes an eigenspace

with each column as an eigenvector, i.e., one mode of varfggoassociated with the corresponding
eigenvalue_ .The value of the eigenvalue indicates the dominance of its associated mode of variation,
while the modes with relatively small eigenvalues are usually ignored due to their limited variances
provided.b eigenvectors representing the most variances remain and form a eigepgpaite reduced
dimensions With the shape model built, a shape instance can be reconstructed by deforming the mean

shape by a linear combination of eigenvectors

ek o -H- ° ) Og (2.12)
where® is denotes the shape parameter associated with its mode of variation.
For practical segmentatioASM usually works by alternating over local profile fitting and shape
regularizing.Specially after initialization, a shape is first generated by searching around each point for a
position that matches the modeled local prdfitter[22, 110, usuallyat strong edgefr2]. Then the

newly generated shapes corstrainedoy the shape model

-H— TLe o (2.13
Where-H- represents the projected shape parameter that can generate a conformed shape by the shape

model through Eq. 12. In additioﬂ,is often constrained within certain range of the variations of the
shape model represented by the eigenvdlues

Building training sets for ASM is very challenging and tiomsuming, especially to provide
corresponding points. Several techniques haven b#eveloped to generate corresponding points

automatically{111, 112). Some studies use signed distance function (SDF) over the whole image instead
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of PDM to build ASM after all training sets are-&ygistered sthat corresponding points are not required

[113115.

4.4. Level Set

Level set segmentatigorovides a numerical approach to track the surfaces of o< 1§).
Level set methods is vesimilarto active contour models (ACM), e.g., sngl)], for that both methods
define cost/ energy functions to minimize as tldteria for segmentation, and derive IEdLagrange
equation to numerically propagate the segmentation surface to approach to the objects of interest. Level
set, however, has two main advantages over ACM: (1) it is free from parameterizatioprafptgating
surface, and (2) it is easier thange topology to fit the underlying object (e.qg., split and merge shapes).
Level set segmentation is broadly used to extract smaefibrmablesurfaces of desired structures in
images.

In the level set approhcan evolving surface is embedded as the zero level set of a higher
dimensional level set functidé fd , and propagates implicitly through the temporal evolutio%oisf
terms of a given speed functid® %o D is defined as signed distance ftion (SDF)to the evolving
surface with negative value inside the surface and positive outside. The speed function, which can be
spatially varying, is usually determined by advection forces (e.g., constant inward or outward motion),
intrinsic geometry (e.g mean curvature), and image attributes (e.g., intensity, and its gradient). The

temporal evolution of the level set function is usually described in the following form

%o NG T (2.14)
where uQ | represents the nor mal i z e Notedhatl ds teerEtler o f t he

Lagrangesquation taipdate thesurface.
Generally, level set segmentatisreclassified into two categories: regibased and edgeased.
Regionbased level set methods rely on the global homogeneity of spatial localized features and
properties[119-121], among whichChanrVese algorithm119 is one of the mostly use€hanVese

algorithm aims to preagate the curve by minimizing the variances inside and outside the curve while
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constrained the total curve lengonsiderd ¢fto as a 2D input image;O D as a Heaviside function,

1 Oas a Dirac function, the derived Eulesgrange equation of Charese method can be written as

% | % Ol 6 ® 6 (2.15)
where is a parameter to constrain the length of the contoand are the average @f outside and

inside the current zero level set, respectively, lamdpresents the curvature %éthat enforcing the

smoothness dhe curve.
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where represents the whole domain of image. Note t@eD and] O requires a continuous
approximation in implementation to enable the actual cevedution.

Edgebased level set methodsive the surface propagation through the local differefe@52],
typically the edges, in the image, among which Geodesic Active Contours (GAC) fBode very
commonly used. Basically, GAC pushes the curve by an inward / outward normal pressure force, i.e.,

balloon force, and stops it based on an edge map defined by the image gradient.

% Fnswd I g AQ (2.19)
wherell is the curvature as in Eq. 18js a parameter that controls the strength of balloon fidi=,

called edge stopping function, proposed by Malladi e{182 to stop the level set evolution at the

boundaries of objects, which can be typically measured for an ii@aghe form as follows

P
P 2@
wheren controls the steepness of the edge stopping fundigpically 1 or 2 and'Odenotes a Gaussian

Q (2.20)
smoothing (convolution) kernel with a standard deviatiop.ddack to Eqg. 19, the balloon force is seen
reasonably constrained by the edge stopping function as it can be diminished at strong edges. In addition,
the terr 3 J"Qperformsto further preserve the curve from propagating through the edges.
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In addition, reinitialization of level set is usually required during the surface evolution to keep
the pattern of SDF, and thus preserve the properties o%dheated terms [|. Thetandard re

initialization is solved by

% | QP p 9Nns (2.21)
where%. denotes the SDF to be-imtialized,i "Q"Q€indicates a sign function. Recently, Li et al.

proposed an internal regularization energy term,"Ce., n B |, that enables the level set evolution

free from additional rénitialization[123.

4.5. Multi -Atlas Label Fusion

As registration does not necessarily (is actually chgilento) align the atlas image perfectly at
the region of interest, singklasbased segmentation is not robust, and almost solely depends on the
quality of registration. Several studies have demonstratedthibatombined information ofultiple
atlasesregistered to a single target image yields significantly improved segmenta8oh24. Multi-
atlaslabel fusionis such a technigufor transferringand combiningnformation frommultiple canonical
atlases to target images via registration

By definition, a natural workflow of muHatlas label fusion includes multiple paitse
registrations from atlas to target based on the giteimages, the propagation of the atlas labels (existing
segmentations) to thepaceof the target image via the geometrical transformation that align the intensity
images together, a process that fusesptiopagatedabels into one segmentati@stimag, called label
fusion. In practice, especially when the registrations are not robust due tedaai®nsof the datasets,
an additional process, i.e., atlas selection can substantially improwsedh®entatiorby choosing the
most appropriately registed atlases for fusion. Thus we focus on the torégizal components in a
multi-atlas label fusion framework: (1) registration (includimgensitybased registration, and label

propagation), (2) atlas selection, and (3) label fusion.
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4.5.1.Registration

The image registration in multitlas label fusion aims to align the structures in the atlas images to
those in the target image so that the atlas labels become valuable references to the segmentation estimate.
By default, intensitybased similarity metrgincluding are used to drive the registration, where NCC, M,
NMI are qualified with the alignment involving intensity inconsistencies. To avoid getting to local
minima, a coarséo-fine scheme is often used, in which registrations are carried out betfneeanages
with downsampling levels, and the registered transformation between the coarser images are used as the
initialization for further registrations between finer images. Similarly, rigid and affine registrations are
often used to align atlas anddat image roughly, followed by a neigid registrationthat allows local

deformation to match up the detdi’g].

4.5.2 Atlas Selection

Atlas selection is a process to alleviate registration problems. Although in some sophisticated
label fusion techniques, thgtobal and local weighting of atlases can be considered as a fuzzy version
atlas selection, the presence of the bad atlases can bias the evaluation of other atlases, and thus influence
the fusion result§l25. Therefore, a crisp determination of whetharatlas should be included for label
fusion becomesecessaryespeciallywhen substantial problematic registrations exisaditional image
similarity metrics between the registered atlas images and the target imadeeba considered as the
proxies & for atlastarget similarity, while thesummations of these voxelise metrics over regions of
interest are used as the selecting critefa 77, 126. On he other hand$elective and Iterative Method
for Performance Level Estimation (SIMPLE)27]provides a compact solution for selecting atlases and
fusing segmentation iteratively based on twerlapping regions of atlas labels with the intermediate
fusion result, which demonstrates better correlation with the registration performances than the image

similarity metrics[77].
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4.5.3.Label Fusion

Label fusion attempts to estimate the underlying segmentation through combining individual
estimates from multiplesourceg[128 129. It was proven that a collection of estimates only slightly
better than chance could be fused (or fiboostedod)
[130-137. In the context of mulatlas label fusion, label fusion yields an estimated segmentation the
target image and the multiple registered atlasedu@ing both intensities and labeld)3, 124. The
simplest way to fuse the register atlases is through a majority vote of the registered atld428hels
where the mode label is selected at every voxel as the estimated segmentation for target. However,
majority vote fails to assess both the likebd of the estimate and the quality of the observed
segmentationdloday, label fusion is an extremely popular topic for ongoing research.

In general, consider a target intensity image represented as a \ector, .Letq 84  be
the latent reprentation of the true target segmentation, wHere 8 i) p is the set of possible
labels that can be assigned to a given vo&dtitionally, consider a collection 6f registered atlases
with associated intensity valuesN 4 , and label decisns, N 4 . Throughout, the index
variablesQuill be used to iterate over the voxdlsanddover the labels, antbver the registered atlases.
Given this information, the goal of any label fusion framework is to accurately estimate the following

probability density function:

© k'QV isl=hy (2.22)
wherew can be interpreted as the probability that the true label at @xelqual to label given the

provided contextual information. €h using a Bayesian expansion, Eq. 23 can-hegiten as:

QY i Qph=sY iHhO
B QY aQrh=sY &0
where, "Q"Y | denotes thea priori distribution governing the underlying segmentation and

0 (2.23)

Q "-Fa=$'Y i FOis the generative model that represents distribution governing the relationships between
the observed atlas information and the latent target segmentation. Lastly, with the assumption that the

observed atlas labels and the observed atlas intensitiesralidanally independerjt.33:
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QY i QrsY | Q=50
o Y 1 QpeY 1 O=C (2.2)
B QY aQrsyY a'Q=s0

where the information gained by direct incorporation of the -#aliaget intensity relationships, i.€Q=50,

is assumed to accurately approximates the complex relationships through the assumed conditional
independence.

With Eq. 25, any label fusion nfeod can be considered as the specification of (L athgori
segmentation distribution, (2) the relationships between the atlas labels and the latent target segmentation
(3) the relationships between the atlas intensities and the target intensity})athé dependence /
independence of the information from multiple atlases. For example, majority vote considers the
segmentation estimate as the combination of equally weighted independent atlases label decisions
regardless of the intensity information kv flat segmentation prior, which simplifies Eq. 25 as

Bi OH

—_—— 2.25
BB1 Oh (229

wherg I is the kronecker detla function.

Using this general framework, there are two primary categories of label fusion techniques: (1)
voting label fusion attempts to find optimal weights in order to determine which atlases are optimally
representative in terms of some local/sémual/global méric [76, 77, 126, 133 134, and (2) statistical
label fusion techniques attempt to model atlas performance using a statistically driven rater performance

model[125, 135-141].

5. Post-Processing
Segmented struates are generally expected to have high spatial consistency (e.g., smooth
surfaces, free from speckles and pores, and etc.). Severgrposssing techniques are available to

provide segmentation refinement.

5.1. Markov Random Field (MRF)

The theory of MRF provides a mechanism for enforcing spatial consistency across images. Many

segmentation techniques (e.g., malias label fusiorf142, Bayesian methodgl03 104, Graph Cut
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[69, 143) have intermediate stages with probabilistic segmentation estimate, representing the
segmentation esult fuzzily. MRF can serve to regularize the vewele probabilistic segmentation
estimate by simultaneously considering the current segmentadiimate of the voxel itself and the
neighboring voxeld107]. A neighborhood (oclique) structure is carefully designed to suppress th
spatial inconsistency. Thus MRF provides a theoretically sound procedure to increase the consistency of

the underlying segmentations.

5.2. Morphological Operation

Mathematical morphology (typically binary morphology) provides the sewhiiinvariant
basc operations to regularize the geometrical structures of segmenfaddn 145. A structuring
element (a simple shape, e.gdisk, square, or cross inrl2, or corresponding geometrics iF03 needs
to be defined so that the morphological operations take effect on how the structuring element fits or
misses the underlying binary segmentation.

Specifically, erosion turns a foregmuai voxel into background when the structuring element fits
the voxel as its center, but does not have an entire match with the local binary image. The erosion of a
binary image wusually HfApeel sd0 one | ayemdspeckles.he f or
On the contrary, when having a miss with the center matched up for the given structuring element,
dilation turns the background into foreground on the voxels on the binary image corresponding to the
missing regions of the structuring elemddilation works for inflating foreground objects, where gaps
and pores might be filled. Opening (i.e., erosion followed by dilation) and closing (i.e., dilation followed
by erosion) can clear speckles and pores, respectively while keeping the most dshef ter binary

image the same.

6. Performance Validation Criteria
The validation of segmentation performances is very necessary to evaluate the quality of specific

segmentation approaches. Qualitatively, the segmentation results can be overlaid omgidarage (in
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the form of a solid region, or an outline surface) to see how the segmentation fits the underlying structure.
This yields a straightforward representation of how the segmentation method performs on the tested data.
More objective validation equires quantitative criteria, based on which thesilislarities of the
segmentation result to the ground truth (usually manually segmented by expert) are examined, and thus
different segmentation approaches can be compared against each other $yatizticatally, volumetric
accuracy and surface error are two main categories of quantitative validation criteria for medical image

segmentation.

6.1. Volumetric Accuracy

Volumetric accuracy criteria compare the segmentation result against the ground truthyvoxel
voxel, collect the numbers of True Positives (TP), True Negatives (TN), False Positives (FP), and False
Negatives (FN), and combine them in specific mannerepesent the overlapping degrees between the
segmentation and truth.

Consider! as thesegmentation result, the truth volume, and3t h,enor m opBiceat i on
Similarity Coefficient (DSC,[146]) is the most commonly used accuracy metric in restudies of

image segmentation.

ez P, 08 SV
oY@ ———K o (2.26)
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Jaccard index is anotheommonlyused metric for segmentatiaccuracy, where
o . © 6 .,Y’i‘
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Sensitivity andspecificityare two welknown statisticalmeasures of performances, where
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howeverthey are occasionallysed for segmentatlon valldatlon becassasitivityignores FP and thus

(2.29)

allows oversegmentation, ansgpecificity focus on TN which is not discriminativemeasure when the
image background is large.
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6.2. Surface Error
Surface error criteria characterize how far shefacesof the segmentation and truth are from

each other. These metrics aspeciallyimportant when the segmentation and further clinical interests lie
on the target surface rather than the target volume. Vertices are collected from the surfaces of both the
segmentation and truth, based on which distances between the sets of verticeasared in terms of
their spatial coordinates. We define the vertices on the segmentation and truth suraaad®s
respectively, and\ 3D as anindicatorof distance measure. Then typically, mean surface distance (MSD)
error and Hausdorff distan¢elD) errorfrom the segmentation to the truth camiieasureds below

0 "Y' QR (I)NL‘) "S(NJza(Xh)Fw (2.30)

000y i Né"i?é’fm’xb (2.31)
wheresup represents the supremuinf the infinum,avg the average. Note that MSD and HD can be
measured symmetrically (calculate once from X to Y, and the other from Y to X, and then get the average)

to provides more robust measures on surface errors.

38



PART 2

ABDOMINAL WALL

In this part, we investigate the abdominal wall from the perspectives of (1) clinical significance,
(2) visual representation, and (3) automatic segmentation. The abdominal wall is not only a protective
boundary for all internahbdominal organs, but also a critical structure to characterize some compound
abdominal diseases, such as ventral hernia. We approach the problem by proposing a framework to
provide objective criteria for clinical ventral hernia analyséisapter Il ). Within the framework, robust
manual labeling protocol has been designed to guide the automated processes in further study including
the segmentation of abdominal wall, and the derivation of heetddéed characteristics. Next, we explore
the impact of themarriage of image segmentation and virtual real@apter 1V). We design a fully
interactive interface within immersive virtual reality environment, and combine surface rendering of
abdominal wall segmentation with volume rendering to enhance theizéical of abdomen CT for
better understanding of the anatomic structures. Then, we focus on the automatic segmentation of outer
surface of abdominal wall on a retrospective cohort of ventral hernia pat@haptér V). Specifically,
we integrate texturanalysis into level set approach to improve the robustness of segmentation given the
commonly observed irregular structures induced by ventral hernias. And finally, we propose an automatic
framework to segment both outer and inner surfaces of the abdomaithathnging from xiphoid process
to pubic symphysisGhapter VI). An augmented active shape model system integrating-atlas label
fusion and level set techniques is presented to improve the segmentation robustness and enable accurate

subcutaneous/sceral fat measurement.
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CHAPTER 1lI

QUANTITATIVE CT IMAGNG OF VENTRAL HERMS: PRELIMINARY VALDATION OF

AN ANATOMICAL LABELUNG PROTOCOL

1. Introduction

Ventral abdominal hernia (VH) repair is one of the most commonly performed general surgery
procedures worldwide. In the United Statearly 350,000 repairsre performedannually at an
estimated total directost of $3.2 billion[147]. Despite the frequency of VH repair, failure rates are high,
with recurrencerates estimated at between 24 and 43 perdéit One possible reason for these
suboptimal outcomes is a lack of evidence on the most appropriate surgical approach for different
patients. At present, decisions laparoscopic versus open repairesh type, mesh position, and method
of mesh fixation are typically driven more by thegron 6 s per sonal preference
[148 149.

Multiple factors impact the success of VH repair. These factors include preoperative conditions
(e.g., obesity, nicotine use, previous infections), hernia characteristics, operativéigqueckamd
perioperative care (e.g., perioperative antibiotics, operative time). To date, there is no standardized
method for VH classification that consistently and efficiently describes hernia characteristics. The most
well-known VH classification systens ithe European Hernia Society Classification for Ventral Hernia
(EHSCVH)[1]. This manual system can be cumbersome to use, has been unevenly acceptedy, surge
and is inconsistently applied, especially for complex hernias. The EHSCVH igysantitative in that
VH6és are classified based on categorical |l ocatio
Ventral Hernia Working Group (VHWG) proposechae r ni a grading system to ac

surgicalsite occurrences based on more comprehensive clinical factors of patients and [#&Ghds
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however this classification system and its varigiil] are also not commonly used given that the
involved factors are complicated to access. We hypothesize that a quantitative imaging approach will
provide a more objectivefficient, and reproducible means of describing VH, and that this approach may
inform future evidencéased research to improve VH repair outcomes.

The purpose of this paper is to present a standardized method for quantitative anatomical labeling
of VH using standard of care computed tomography (CT). We propose a detailed anatomical labeling
protocol to capture the clinically relevant geometric properties of both VH and the abdominal wall. Then,
using a test dataset of human subjects with VH, we demansmét intraand intefrater reproducibility
of our labeling protocol for generating key quantitative descriptive parameters, including VH volumes
and the relationship of VH to relevant anatomical landmarks. We perform prelinsitagistical testen
the ability of the derived VH properties to predict a relevant clinical endpoint (requirement for mesh
bridge closure during VHR), with comparisons to predictions from EHSCVH metrics. In discussion, we
present the main contributions of our approach and itsngal clinical impact, compare its practical

efficacy with other related efforts on VH characterizafi@r8, 152, and envision the future work.

2. Methods

2.1. Ethics Statement

All clinical data was collected from the Vanderbilt electronic medical records systems under
institutional review board approval. The fullma of the institutional review board is Vanderbilt Human
Research Protection Program. All procedures followed were in accordance with the ethical standards of
the responsible committee on human experimentation (institutional and national) and with thki Hels
Declaration of 1975, as revised in 2008 (5). Written informed consent was obtained from all patients for

being included in the study. An addendum was also obtained for the specific use for this study.
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Table Ill .1. Clinically relevant quantitative parameters for describing VH.

Category Example quantitative Description Significance
parameters
Location Point distance from Relative location of VH with Reference for hernia
xiphoid process, respect to bony landmarksd classification 1]
umbilicus, linea alba, fascial boundaries

linea semilunaris, ASIS,
and pubic symphysis
Size/shape Defectarea Area of abdominal waflascial  Critical to selection of
defect surgicaltechniques for
hernia repaif2]
Maximumdimensions VH range on three orientations Reference for hernia
classification 1]

V hernid V abdomen Ratio of volume size between A normalized indicator
hernia sac and abddmal cavity of hernia severity[3]
Mechanical Compliancé Ability of muscular tissues to  An indicator that
yield elastically on a force correlates with ease of
repair and recurrence
rate[4]

&Not currently accessible via Caging.

2.2. Quantitative anatomical description of VH

Since @r objective was to create a comprehensive anatomical description of VH using
guantitative parameters derived from CT, we began by assembling a set of quantitative parameters that
would be relevant for informing clinical decisionmaking on VH repairTable Il .1). These quantitative
parameters are divided into those describing location of the VH relative to key anatomical landmarks
(including the xiphai process, umbilicus, linea alba, linea semilunaris, anterior superior and inferior iliac
spines, and pubic symphysis), those describing size and shape characteristics of the VH itself (including
hernia volume, ratio of hernia volume to abdominal cavitjume [3], and defect area), and those

describing mechanical properties (chiefly compliance) of the abdominal wall.
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2.3. Labeling protocol

We then designed a standardized anatomical labeling protocol to enable algorithmic calculation
of the above parameterSigures 111.1, 111.2 ). The protool was created for manual implementation by a
research associate with experience in anatomical labeling but without specific experience in either
abdominal radiology or general surgery; the protocol is also flexible enough to be used as a foundation for
future semiautomated or fully automated approaches. The detailed protocol is provided in the supporting
information. Briefly, it involves the following step$l) Selectthe axial and sagittal image slices on

whichto label the abdominal wall2) Label the anterior and posterior abdominal waiid label thdinea

Left ASIS

Y~

Figure Il .1. Overview of the anatomical labeling protocol(a) Axial and sagittal slices to label are
determined in terms of the size and resolution of the volume. (b) On the selected axial slices, the
anterior (outer and inner borders) and posterior abdominal wall is traced. At the same time, linea
alba and linea semilunaris are labeled on the appropriate axial slice¢c) The VH is labeled
entirely on every axial slice where the hernia exists. (d) On the selected sagittal slices, the outer
and inner borders of the anterior abdominal wall are traced. Note the previous VH and
abdominal wall labels can be helpful referenes. (e) The umbilicus and skeletal landmarks are

labeled. (f) The complete set of labels is reviewed.
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Figure 1l .2. Anatomical structures included in the CT labeling protocol.(a) rectus muscles; (b)
oblique abdominal muscles; (c) linea dba; (d) linea smilunaris; (e) umbilicus; (f) xiphoid
process; (g) anterior superior iliac spines; ad (h) pubic symphysis.

alba and linea semilunaris time appropriataxial slices. (3) Label the herniated region entirely. (4) Label
the anterior abdominal wall on selected sagittal slices. (5) Labské#ietal landmarks and the umbilicus.
(6) Reviewthe overview of all labelsi-or manual labeling by a trained research associate, the entire

labeling process takes approximately 1 hour for a complete abdominal CT volume.

2.4. Data

Retrospective, clinically acquired CT data 6h patients with suspected VHs wecellected
anonymouslynder institutional review boampproval Abdominal scans (covering from xiphoid process
superiorly to pubic symphysisfariorly) were available for thé1 patients 18 patients were randomly
selected for protocol development; an additional random 43 patients were included for a preliminary
guantitative evaluation based on the prototakge variations were seen among #odumes in voxels
(512x512x90 ~ 512x512x200) and resolution (0.6x0.6x5 mm ~ 1.0x1.0x3 Avmdagefield of viewin
millimeters was approximately 400x400x500 mnVarious sizes of VH were observed among the

involved patientsKigure Il .3).
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Figure 11l .3. Examples of various ventral hernia sizes(a), (b), (c) demonstrate a small, medium,

and large hernia, respectively in axial slices. The herniated regions are highlighted in red.

2.5. Manual labeling

A research associatwas trained on the protocol using the Medical Image Processing And
Visualization (MIPAV) [153 software (National Institutes of Health, Bethesda, MD) and a high
resolution tablet input (Wacom, Tokyo, Japan) on &ib4.inux workstation.The research associate
labeled all 61datasetswith 18 of them labeled twice randomized order with a minimuof 3 weeks
between repeated volumes to ensure washdutabels were created independently so thatrésearch
associateould not sedis own prior labels. For efficiency, normal wall anatomy was evaluated on slices
spaced every 5 cm. Labeling timengad between 60 and 90 minutes per datasgen®ralsurgeon was
also trained on the protocol and labeled randomly selected subset of Bd the 18 datasets.
Independently, a general surgeon applied the EHSCVH protocol to the 26 patients who underwent

surgical repair.

2.6. Protocol validation

Intra and intefrater reliabilites were estimated from the differences between the paired rdsults
labeling the abdominal wall, key anatomical landmarks, and the VH. For the abdominal wall, reliability
was calculaté using the mean surface distance (MSD) and Hausdorff distance (HD) between the two sets
of labels. For key anatomical landmarks, reliability was calculated with the Euclidian distance (ED) of
centroids using the centermost subcutaneous point for the icusbithe centroids for the xiphoid

process, linea alba, and linea semilunaris; the most superior point for the pubic symphysis, and the most
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Table 11l .2. Quantitative evaluations on 20 derived metrics

Index® Metric® mean [min, max]
A Hernia volume (cr) 526.26 [3.99, 3946.51]
B Hernia L-R diameter (cm) 10.69 [2.63, 30.70]
C Hernia AP diameter (cm) 5.11[0.70, 17.76]
D Hernia GC diameter (cm) 11.64 [2.10, 30.50]
E Hernia anterior surface area @m 313.75[15.28, 1269.79]
F Hernia posterior surface area @m 265.27 [10.14, 1103.02]
G Average AP hernia thickness (¢in 1.16 [0.19, 3.58]
H Normalized horizontal hernia location 0.60 [0.25, 1.34]
[ Normalized vertical hernia location 0.16 F0.08, 0.65]
J Distance from hernia to left ASIS (cm) 15.30 [2.24, 24.87]
K Distance from hernia to right ASIS (cm) 16.44 [5.1625.12]
L Distance from hernia to XP (cm) 23.91 [8.89, 42.92]
M Body volume over abdomen (én 30331.23 [19057.96, 57735.54]
N Abdominal cavity volume (cf) 8809.37 [4384.98, 18611.35]
@] Ratio of hernia to abdominal cavity volume 0.06 [0, 0.41]
P Meanabdominal wall thickness (cm) 1.38 [0.76, 2.58]
Q Std. of abdominal wall thickness (cm) 0.801[0.33, 2.30]
R Visceral fat volume (cA) 2073.50 [5.94, 10322.78]
S Subcutaneous fat volume (&m 16528.55 [296.69, 33288.25]
T Evaluated height of abdominadgion (cm) 34.46 [25.00, 40.50]

a Each index represents its corresponding metric in a simpler for@.afke considered as shape
related, GL as locatioarelated, and MI' as bodyrelated metrics.

® Note that (1) the quantitative values of the shaghated metrics are only collected among tr
subjects with identified hernias; (2) the normalized horizontal location represents the relative pc
from left ASIS to right ASIS, the normalized vertidatation represents the relative position from th
level of left and right ASIS to xiphoid process; (3) the volumetric bredigted metrics are evaluatec
over the vertical range with labeled abdominal walls, represented as T, i.e., the evaluated he

abdominal region.

anterior points for the anterior superior and inferior iliac spines. For the VH, reproducibility of hernia
volumewas assessed o h e n 6 s k d1b4f). dntragaten relinbiliies were calculated on all 18
datasets. Interater reliabilities were calculated on the 10 datasets for which labels were available from

both the research associate andgeeral surgeon.

2.7. Metrics derivation

Based on the manual labels ®@hdatasets, 20 metrics were automaticdllyivedto describe the

shape, location, and surrounding environment of heriiiaislé 11l .2). Generally, the hernishapesvere
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directly derived from the labeled hernia volume, the hernia locations were measured from the centroids of
hernia volumes to the landmarks, ath@ surrounding bodselated metrics werealculatedbased on

interpolated abdominal wall surfaces and segmented body mEsksplate spline interpolatio 155

was applied to the label meshegtwd abdominal walls, whichieldedan outer surface for the abdominal

wall as well as a closed inner surfacetfoe entire abdominal cavitifuzzy Gmeansclustering was used

to extract the patientds body from the scan tabl ¢
clustering was applied to the extracted body region to separate fat tissue from @itsckecluding the

bones and air, and uk the visceral and subcutaneous fat were discriminated by the interpolated
abdominal wall surfacg82]. Note that these 20 metrics are only a subset of quardifgarameters that

we are interested in this preliminary study.

2.8. Statistical tests

Of all 61 evaluated datasets, 26 patients underwent VH repair with intent for primary fascial
closure and mesh sublay. general, primary fascial closure is desirableyvVHR whereby the hernia
defect is reapproximated. When this cannot be achieved, a mesh bridggused leaving the original
hernia defect in situn other words, a patient who fails to have the primary fascial closure after VHR
meets the bridge reqement. Thes@6 patients can be classified into two groups, where 9 patients
required a bridge for closure and the other 17 didAaskries of statistical tests were used to explore the
clinical correlation between the derived metrics with the teehoigtcomes of fascial closure.

Firstly, unpaired onail t-test was used to examine the significant differetedg/eenthe two
groups foreach of the20 derived metrics.

Then, two complementary analysbased onelastic net regularized logistic regressiwere
operated to evaluate the compound outcome prediction using multiple metrcgoal is taonstructa
regression modebased on which provide an interceptand a set of regression coefficights s
associated with th& metrics to mininze the deviance of model fit to the responses gi¥en

observations.
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h
where théD'Q U "Q&ED Wwas computed under binomial distribution for logistic regresgi6g to
deal with binary categorical cases while estimating the odds in a continuous_f@presents a nen

negative regularization parameter for the peraity 0, 1

o1 %M A& & (32)
where both the L1 and L2 norms of the regression coefficients were used for péastic
regularization[157] to constrain the regressiowheresome highly related metricsan beignored (the
regression coefficient approaches zero). The regularization effect is controlled by a parameter, i.e., alpha
(or| ), ranging from 0 to 1, which effectiweldetermines the proportions dgnored regression
coefficiens - a larger| value leads to more metrics to be ignored. Note when performing the tests, the
largest value was determined among a sequence of valid candatatesich that the deviance is within
one standard error of the minimum, leavings the only variable.

Here, the 2@erivedmetrics wereall includedto construct the regression model that represents
how multiple metrics are combined with regression cdeffis to predict the technical outcomes.
Specifically,

(1) A predictiveanalysiswas conducted to asse$® accuracy of thpredictive modelusing a
leaveoneout crossvalidation (LOOCV) scheme, i.e., buildirgregression model on 25 observations,
andthen testingt on the one left overThe continuous estimated outcomes were rounded into binary
predictions for validationBy iterating this crossalidated analysis over from 0 to 1 with a step size of
0.01, the numbers eémainingmetrics and thos of falsepredictions wereecorded

(2) A follow-up exploratory test was conducted by building the regression noodell 26
observations (without crosalidation) with| of 0.9 to identifythe most predictive metrics for mesh

bridge requirement aft&fH repair.
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An additional predictive analysis using elastic net regularized logistic regression with LOOCV
was conducted with the variables proposed in EHSCHYV for reference. According to EHSCHYV, four
categorical variables, i.e., medial hernia locatiorerkdthernia location, recurrence of hernia, and hernia
width categories, and two quantitative variables, hernia widiR fliameter) and length (C diameter)

acquired by clinicians were considered in place of the 20 labgériged metrics for regression

3. Results

3.1. Labeling reproducibility

Of the 18 patients evaluated for labeling reliability, mean age was 50 years with 50 percent
women. The mean body mass index (BMI) was 33.1 kdline prevalence of hernia in this population
was 78%, and all of the veatrhernias were related to a previous operation (i.e. incisional hernias). The

mean transverse dimension of the hernia defects was 11.4 cm.

3.1.1.Abdominal wall

Our protocol yielded high intreater andinter-rater reproducibility for labeling the anterior
abdominal wall, with MSDs of around 2 mm and HDs of around 30 ablé 1l .3). There was
moderae reproducibility for the posterior abdominal wall, with an imger MSD of 2.5 mm and an
inter-rater MSD of 7.7 mm. The different choices on the starting and ending point of structure labeling

cause the relatively large values of HD (up to 9 cm), whideMSD values are not greatly affected.

Table Il .3. Abdominal wall reliability measured by mean surfaces distances (MSD) and

Hausdorff distance (HD) in mm

MSD Axial Outer Axial Inner Sag. Outer Sag. Inner Rear Abd.
Intra-rater 1.244.34 1.18+#.62 0.964.49 1.23#.21 2.474.37
Inter-rater 1.164.46 1.3440.73 1.93#4.91 2.144.47 7.7312.58

HD Axial Outer  Axial Inner Sag. Outer Sag. Inner Rear Abd.
Intra-rater  19.93#17.05 16.28#16.17 19.84#13.66 20.5582.49 36.17+£4.30
Interrater 16.81+10.88 22.854#19.82 33.60#18.25 36.36%2.74 90.3649.74
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Table Il .4. Fascial boundaries and bony structures reliability measured by Euclidean distance

(ED) of centroids in mm

ED Xiphoid Process Left ASIS Right ASIS Umbilicus
Intra-rater 2.6143.93 3.0041.99 2.30#.81 1.88+1.89
Inter-rater 2.434.84 3.5143.15 1.83#.39 4.6945.91

ED Linea Alba Linea Semilunaris Pubic Symphysis
Intra-rater 4.5915.91 4.3843.04 1.16#.15
Inter-rater 3.594#2.65 4.554.20 2.514.74

3.1.2.Key anatomical landmarks
Reproducibility of labels for key anatomical landmarks was moderate to high, with both intra

rater and interater Euclidian distances below 5 miable Ill .4).

3.1.3.Hernia volumes
Reproducibility of hernia volumes was high, with an iatra t e r Cohends kappa

interr at er Cohendablekladppa of 0.9 (

3.2. Quantitative evaluation

Of the61 patients evaluated for metrics derivation, the prevalence of herniz2asThe mean
age wasb2 years with 66 percent women. The mean BMI was 33.0%kgd/he mean and range of 20

derived metrics were calculatetiaple Il .2).

Table Il .5. Hernia volume reliability.

Comparison Cohends ka
Intra-rater 0.834.05
Inter-rater 0.924.02

50

0



Table Il .6. Statistical comparison of 20 metrics between two groups of patients with distinct

outcomes.

Index® p-value

mean [min, max] (required bridge

closure)

mean [min, max] (no bridge
required)

0.0001
0.0000
0.0029
0.0004
0.0000
0.0000
0.0001
0.2955
0.3980
0.3704
0.1834
0.4817
0.1416
0.4412
0.0005
0.0539
0.0083
0.0655
0.1794
0.3847

w >

4N IVOUVOZZIrrXRa—IOTMMOO

823.56 [57.8, 2300.04]

15.74 [8.51, 24.15]

6.27 [3.05, 10.46]

16.99 [4.50, 26.70]
512.22 [78.93, 1036.63]
448.13 [64.13, 1022.69]

1.40 [0.73, 2.22]
0.63[0.33, 1.01]
0.10 [0, 0.19]

16.46 [2.24, 22.84]

18.54 [11.37, 25.12]
19.66 [13.00, 30.48]
32384.43 [22725.75, 42339.98]
9233.44 [6007.36, 15065.04]

0.09 [0.01, 0.31]
1.55 [0.83, 2.44]
0.98 [0.39, 1.89]
32.48 [7.1265.90]
22960.45 [12114.26, 33288.25]
35.68 [33.00, 38.00]

107.65 [3.99, 367.81]

7.20 [2.80, 12.80]

3.60 [0.70.7.24]

8.14 [2.40, 22.20]
123.24 [16.30, 283.31]
105.59 [14.98, 271.81]

0.721[0.19, 1.61]

0.68[0.25, 1.34]

0.09 [0.02, 0.24]

15.83 [8.03, 24.87]

16.91 [5.16, 23.72]

19.55 [8.89, 30.96]

29078.13 [19727.07, 46436.02]
9074.89 [4683.12, 15141.70]
0.01 [0, 0.04]

1.31[0.76, 1.62]

0.65 [0.33, 1.07]

23.11 [5.94, 48.88]

20346.47 [8218.99, 31283.60]
35.39 [30.30, 39.90]

aEach index refers to a metric Trablelll .2.

"indicates significant ffierence between the two groups.

3.3. Clinical correlation

Of the 26 patients who underwent VH repair with intent for fascial closure and were evaluated for

statistical tests, the mean agasib1 years with 81 percent female with 32.1 Kghean BMI.

3.3.1.Unpaired onetail t-test

Significant differences (p<0.05) were observed between two groups of patients separated by

bridge closure requirement after VH repair over nine individual mefraisi€ IIl .6).

3.3.2.Predictive regression analysis

With crossvalidation, the regression model basedairelingderived metriceand the one based
on EHSCHYV variables were tested. In neither cpsefect predictiorwas achievedFor the best case

along different selection of the alpha value, the regression model using the lalegiuggl metrics yields
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four false predictions oudf 26 subject$84.6% accuracywhere two( i h e rRnidai almet er 6 and i
anterior surf ade QE8edive, iwetmhidi dmet er-0, dichme né @0 ,(
fhernia anterior surface ar e getageA-R hemia thickaessp o smierhi or
| ) T @ ometrics were used. On the other hand, the regression model using the EHS variables
made at least six false predictiofi$.9% accuracywherefive (except for the hernia width category) to

all six variableswere included Figure Il .4a, 4b). With a closer lok, all false predictions mentioned

abovewere the subjects who required bridge repair but predigewarequiredThese false predictions

were confusing in terms of their similar hernia sizes to those having primary fascial closure after VHR.

3.3.3.Exploratory regression analysis
Only two metrics (hernia LR diameter” and "hernia anterior surface area") remained as the key
factors for predicting mesh bridge requirement when building a logistic regression model with an alpha

value of 0.9. This regression model, although used all observations, \ilkeédsdme four false estimates
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Figure 11l .4. Results of preliminary statistical analyses. (a) and (b) shows the number of false
predictions and number of included variables over different alpha values using crosalidated
elastic net regularized logistic regression, respectively. Generally, a larger alpha valwields
stronger regularization, and thus involves less variables for the regression model. Note that the
blue dashed curves represent the regression results using EHSCHV variables, while the green
solid curves use the variables derived from labeling. (g)resents a hyperplane using support
vector machine to separate the two groups of patients with distinct technical outcomes by the two
remaining labeling-derived variables of an exploratory regression model built upon all

observations.
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as the best cases using labeli®gived metrics in the predictive analysis. These two metrics can be used

to identify a separating hypgtane (a discriminative function of the two metrics) between two groups
using support @ctor machindSVM) [158], which repreents the quantitative threshold for mesh bridge
requirement. Two cases requiring bridggpair were misclassifiedRigure 11l .4c). We note thathe

uneven numbers between the two groups (9 vs. 17) can affect the regression model regarding its optimal
threshold (we use 0.5 for logistic regression) for making predictigmslyfng a SVN classifier following

the regularized regression model may raisetiléictive power.

4. Discussion

4.1. Main contributions

This preliminary study is intended to lay the foundation for a quantitative imaging approach to
determine optimal management strategies for different subtypes of VH, and improve the surgical
treatments.

First, we created a set of clinically relevant, quantitative anatomical descriptors for VH, and we
designed a standardized labeling protocol to enable extraction of these parameters from routine clinical
CT datasets as the foundation for future automatedeting of the relationships between VH anatomical
characteristics and treatment outcomes.

Second, our protocol validation study showed acceptableratimr and intraater reproducibility
for labeling the abdominal wall, key anatomical landmarks, ardVvi itself. In terms ofanatomical
labeling, wefound that abdominal wall surfacesould be appreciated on either axial or sagittal views
without extensive thredimensional visualization, while the hernia volumrequired tri-planar
manipulation. We also found that abdominal wall surfaces amaifficiently smooth such that for
efficiency, normal wall anatomy can be labeled every 5 cm on sparse, evenly spaced slices; the entire

surfaces can then be approximabgdnterpolation
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Next, we derived 20 quantttee parameters to describe the shape, location, and surrounding
environment of VH from the anatomical labeling automatically. The collection of these metrics provide
more comprehensive characteristic of VH than the available clinical measurements uSIGiH\EH
system.

Lastly, we showed the clinical correlation between the derived quantitative parameters and the
technical outcome®f primary fascial closureafter VH repair with preliminary statistical test8.
individual metrics were shown to be signifidgndifferent between patients requireddge closure and
those who did nio Through predictive analyses, we presented a regression model using multiple metrics
that were capable of identifying all patients who did not require bridge closure (17 out ahd®ver
half of the patients who required (5 out of @Je also found our labelinderived metrics more predictive
than EHSCHV variables for this technical outcome. We note this is the first work to correlate VH

quantification into clinically meaningfulisease processes.

4.2. Potential clinical impact

Clinically, the requirement of bridging remains uncertain-geratively. Surgeons may give a
rough prediction by eyeballing the hernia on-pperative imaging, i.e., a larger hernia is more likely to
requirea meshbridge repair. Subjective predictions can be inaccurate. Because of this uncertainty, some
techniques like myofascial release are used to avoid bridging, but may cause other prBblems
example, data from our institution suggests thatextra éssectionof a myofascial releassgnificantly
increases the risk of surgicsite infection posbperatively[159. Thus, objective criteria for accurately
predicting the bridge requirement can be clinically relevant, and change the clinical procedure
significantly. For preoperativeplanning, surgeacan provide objective quantities rather than subjective
size description when counseling patients and planning operafibagpatient and surgeon could have an
estimated probability of the need for bridge closure, and this option could be weighedakihigeinto
account other patient factors which increase the risk of postoperative infectious compliGai®esuld

alsoresult in lifestyle modifications prior to embarking upon a surgical répairder to decrease the
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morbidity of the procedurdn some instances, the knowledge that a bridge will likely be required in a
patient who has significant risk of infectious complications might lead to surgeaccépt a bridge
configurationand counsel the patient accordingly

Our labeling protocol vyieldsreasonable objective criteria for the predication of bridge
requirementPredictive (crossalidated) statistical analysis indicates that one needs two to four metrics to
yield the best prediction of the bridge requirement. This suggests that multipliesnsdtould be
considered together for prediction. In explanatory analysis (not-catisated), only two variables
("hernia LR diameter" and " hernia anterior surface area ") are needed to identify a separating hyper
plane (a discriminative function ofhé two variables) between the groups, which represents the
guantitative threshold for the requirement of bridge repair. We note that a hernia with-Rrdeuneter
but small anterior surface area may not necessarily require a bridge requirement, vdiietuis to
judge visually from 3D CT. Therefore, these metrics are helpful as objective criteria for bridge
requirement prediction. -RNediaa nseot enrodt eh atsh abte eanh i cl oem niic
an important factaooge drheammilmasantevernrbeaeanm ffocused
Our labeling protocol provides the access to these parameters potentially critical to correlate specific
technical outcomes. On the other hand, we find the current metrics fail to discrimmatssall hernias
in need of bridge repair. This is partially due to the insufficient (26) and unbalanced datasets (17 vs. 9)
available in the experiment. Inclusion of more datasets could help augment the prediction of primary
fascial closureMany otherfactors, in addition to hernia characteristics, influence the decision to perform
bridge repir. The intended goals of the operation (definitive versus staged repair), level of contamination,
amount of tension on the fascia when closed, need for tissue coverage, and surgeon training can

contribute tahedecisionmaking.

4.3. Comparison to other related ef forts

Our approach takes advantage of the fact that most VH patiedésgopre-surgical CTscanning

to evaluate their abdomeAt present, however, no well accepted method of VH classification exists for
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routine use, and therefoliaformation from imagirg is usedqualitatively and subjectivelyo make
clinical decisionsbased on little empirical datithe EHSCVHi s the only potential classification system
that has been presented as a means to classify all ventral hernias. The EHSCVH system codes for (1)
categorical assignment based on the location of the hernia and cause of hernia (primary or incisional), (2)
categorical assignment of hernia size (small, medium, large),(3nithear measures of hernia size
(length, width).The actual implementation ofithclassification system can be cumbersome, however,
and although the EHSCVH was published several years ago, it has not gained widespread acceptance
among surgeond.he time required of a surgeon in a busy clinical practice to determine the classification
for a particular patientds hernia often prevents
surgeon to spend the time determining the classification since the classification scheme has not been
linked to specific patient outcomes or adtageous operative techniques. Finally, there are
inconsistencies between surgeons when classifying complex hernias using this Sstemnedictive
regression analysis showed that the EHSCVH variables were not adequate to predictive the bridge closure
requirement after VH repaiF{gure Il .4a, 4b) despite its simplicity.

A quantitative approach is attractive for two reasons: (1) it may be implembypta trained
associate or, in the future, by a seantomated or fully automated computer algorithm, thus offloading
the time for VH classification from the surgeon; and (2) its standardized nature provides a foundation for
rigorous statistical correlatn against patient outcomes, both retrospectively using large clinical databases
and prospectively in clinical trials. At present, however, quantitative description of ventral hernias is
rather rudimentary, with transverse size being the most commonlynusieid. Transverse hernia size
captures very little of the actual heterogeneity of VHs. Hernia volume is also inadequate for describing
VH, as two VHs of the same volume may have very different shapes and may require diffeyaa

techniquesKigure 111 .5).
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Figure Ill .5. Two VH cases in volume rendering and trplanar views. Although the twoexamples
have almost the same hernia volume size (a = 125% = 109 cnd), (a) is a long, shallow rupture
at the umbilicus, while (b) is a short, deep protrusion of the abdominal wall. In addition, the
patientsd body si zes aniaén (kisfurther awhy ffomh e uenhiltcus. a n ¢

For these reasons, and for its obvious clinical implications, characterization of VH has been of
interest to the image processing community in recent y@arsaka et al. derived the volumesthé
hernia sa@nd abdominal cavity by assuming them as ellipsoid structures with the measurement of the
craniccaudal, laterdateral, anterioposterior radial distancegl52Z. Sabbagh et al. detained the
intraperitoneal volumes (including both VH and abdominal cavity) after the volume boundaries were
defined using a blindide method by a surgeon and a radiold@ktYao et al. marked the required range
on 3D reconstructed CT, and measured the volumes with measurewiantinal softwarg?2].

While notable, these efforts have not addressed the fundamental challenge of measuring the
complex interaction of the hernia with its biological context. Our labeling protocol allows for estimation
of differentgeometrical properties of VH from the labeled dd&mres 111.6, 111.7, Table Il .2). We
consider the hernia shapes (volumetric sizes and dimensional diameters) as the chief quantitative
parameters to characteritee degree of abnormality &H. We suggest that the locatiafi the hernia
defect with respect to bony landmarks and facial boundaries is critidaH tolassification. We also
append metrics of surrounding structures (e.g., abdominal wall thickness, visceral and subcutaneous fat
volume) as referential body statosthe VH patients. These characteristics give a robust description of
the hernia itself, which can then be correlated to clinical outcomes. Elastic net regularized logistic

regression can be used to reduce all available variables to several key faptedidiospecific technical
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outcomeswhile sometimes a larger number of variables are required to yield better prediwitainly

other nomrhernia related factors are important in the overall definition of hernia leaityp including

e

Figure Il .6. (Left) lllustration of VH characteristics on CT for four patients. In each section, the

h
k

first row illustrates the location of the VH; the secondrow illustrates the VH defect size at the
anterior abdominal wall; the third row demonstrates the volume size of the hernia sac (red) and
the abdominal cavity (blue).

Figure 1l .7. (Right) lllustration of V H characteristics in terms of processed label results. The
first row, from (a) to (c), demonstrates a matchup between the original image data and the
processed labels, where the abdominal walls were interpolated. The second row, from (d) to (f),
demonstrates the coherence of interpolated abdominal walls with the original image in three
different views. The third row, from (g) to (i), illustrates a combined model of abdominal wall and
hernia volume for shaperelated VH characteristics, the relative locationof VH with respect to
the linea alba and linea semilunaris, and the relative location of VH with respect to skeletal
landmarks and the umbilicus. The fourth row, from (j) to (l), demonstrates feasibility of
measuring the VH defect size, width and length o¥/H, and ratio of volume size between the

hernia sac and the abdominal cavity.
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many clinical and patienelated factofd6(, but the method described in this manuscript offers a

precise andeproducible description of ventral hernia based upon specific imaging characteristics.

4.4. Future work

One important property of VH not currently accessible via CT imagimguiscular compliance,

i.e., the ability of muscular tissues to yield elasticattyan applied force. This patieapecific property
influences the ease of repair and necayrelate with posbperative recurrenceates Future studies may
investigate the use of ultrasound or magnetic resonance elastography to estimate this property.

Also, we note that th€CTs in our study were acquiredt rest without performin@ Valsalva
maneuver. Valsalva maneus&an be beneficialb show the potential visceral drift around the herniated
region In theory, the anatomical changes would not disrupt imelgation of the proposed protocol.
However, furtherstudy would be neededo explore the examine differerecbetween scans with and
without Valsalva maneuver

It is important to emphasize the clinical relevance of these findings. If a reproducible,
guartitative, and automated method of classifying VH can be developed, the field of VH management
could be significantly advanced. Namely, a reliable metric would be established whereby comparisons
can be made to determine best pracficakin to cancer staging the management of malignant disease.

Relevant automated efforts are in progfé8ls
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CHAPTER IV

IMMERSIVE VIRTUAL RBLITY FOR VISUALIZATON OF ABDOMINAL CT

1. Introduction

Modern medical imaging techniques produce large data sets that are difficult to visualize and
understand by both medical professionals and patients. There are several difficulties that these large data
sets present. First, the amount of daeans that viewing axial sections becomes problematic, simply
because of the large number of slices that must be navigated. The navigation modalities for these slices,
such as sliders and mouse wheels, become increasingly cumbersome as the numberirnufratises.
Secondly, as the complexity of medical image data grows, restricting the viewing modality to a traditional
two-dimensional view may be swdptimal. Such data is inherently thréenensional (3D), and exploring
it as a 3D quantity, through disgkthat offer stereoscopic depth perception, may give better insights and
comprehension into the overall imaging data.

Immersive virtual reality (IVR) may offer a solution to the issues described above. In this paper,
we describe IVRs presented through diesunted displays (HMDs), stereoscopic display devices that
allow the wearer to perceive a thwéienensional virtual environment as though present in it. Immersive
virtual reality facilitates the investigations of situations that are difficult to studghenreal world,
whether for reasons of cost or complexity. It can provide visualization modalities that render complex
data more comprehensible and interaction modalities that make large amounts of data more accessible. In
this paper, we discuss IVR thases an HMD to view the virtual world, and articulated data gloves to
interact with it.

In this paper, we consider visualization of ventral hernias. Ventral hernias occur in up to 28% of

patients undergoing abdominal operati@gnseven in optimal condition§161, 162. Repair of these
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hernias isfraught with failure; recurrence rates ranging from4346 [5]. Recurrence of previously
repaired VHs increases costs and morbidity to patients and can sometimes require multiple repairs. In
some patients, repair of their eathge VH may produce a worse outcome than aopenative strategy

[163. Communication is a significant problem for clinicians and patients with ventral hernias.

In care planning, it is essential that the patient understand gle@aay;, degree of severity, and
impact of a hernia (and potential repair) on patient quality of life. Hernias are defined by ruptures in the
abdominal wall (i.e., the absence of healthy tissues) rather than a growth (e.g., cancer); therefore,
understanding hernia necessitates understanding the entire abdomen. Our proposed environment allows
surgeons and patients to view body scans at scale and interact with these virtual models using a data
glove.

IVRs have, of course, been used to visualize medical igadata before. Some systems use a
single imaging modality or seAtnmersive environmentsl64-166. Using the hands to manipulate the
3D data has also been recognized as having Yyakg 167]. In particular, Indhumathi et dl16§ use
both an HMD and a higfidelity data glove to manipulate medical imaging data. The novelty of the
present system is coupling of the manual interface with the IVR to achieve improved understanding of

large imaging datasets.

2. Methods

2.1. Data and Processng

Our abdominal segmentation method has been evaluated in separate3@joriBriefly,
retrospective, clinically acquired CT data on three male patients and one female patiesuspécted
VHs (three with confirmed hernia) were acquired in anonymous form under institutional review board
supervision from the clinical PACS in DICOM format. Volumes were approximately 512x512x157
voxels with a resolution of 0.89:x8%3 mm.A low threshold (200 HU) is used to identify the whole bone

skeleton. Then, a high threshold (800 HU) is used to divide the skeleton into different components based
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on relative shape and position information. The skin and abdominal wall are segmented using level set
techniques. The outer surfaces of each object (i.e., pelvis, femurs, spinal column, ribs, skin) were
tessellated and exported for visualizati®urface colors and transparency were authored for each object
using Mayavi, a 3D scientific visualizatiowol. These models were then exported into the virtual

environment.

2.2. Materials and Apparatus

Our immersive virtual environment emulates a fnedking space (approximately 8m x 7m x
4m). The virtual environment is viewed through a full color stereo Nvist@ReVA) Nvisor SX60 HMD
with 1280x1024 pixels per eye, a nominal field of view of é@gonally, and a frame rate of 60Hz. An
InterSense I 00 precision motion tracker updates the us:¢
supplemented by optit tracking by four cameras of two infrared LEDs on the HMD to provide position
and orientation information. The virtual environment is rendered using Vizard (Worldviz, Santa Barbara,
CA). A wireless Cyberglove Il data glove (Cyberglove Systems, San83dor the right hand is used
to track the fingers, enabling gesture control in our system. The data glove is instrumented with 22 high
accuracy sensors and can track the finger movements accurately. The global position and orientation of

the hand is traed with an eight camera Vicon (Los Angeles, CA) ¥X0 optical tracking system

2.3. Mechanisms for Viewing the 3d Model the CT Slices in Immersive Virtual
Environment

In the virtual environment, registered computed tomography (CT) images and the 3D model were
superimposed. The CT images were made $emsparent to make the 3D model visible and to give a
volumetric effect to the ensemble. A user can interact with a given model by touching (with the index

finger of the virtual hand) a CT slice to exposeithwn exposed, the CT slice fj

and becomes opaque for optimal viewing. The image can be made to disappear by brushing the image
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fist gesture

fist gesture

fist gesture

Figure IV .1. The four states of the model in IVR.

with the palm of the hand or by selecting another slice. An accoli#®raffect can be achieved by
runningthe virtual hand through the model.

Since the CT slices are along three axes, it can be difficult to select an individual slice from a
complete grid. Tar ef or e each axi al direction is toggled
transition was controlled by human making a fist gesture of right hand and releasing immediately. When
the fistgesture was captured by the data glove, the system traesitio the next state immediately. The
initial state had no CT images in it; this process is showkigare IV .1. In the state with the images in

thescene, a user can select the image they want to observe as mentioned in the previous paragraph.

2.4.Volume Rendering in the Immersive Virtual Environment

In scientific visualization and computer graphics, volume rendering is a set of techniques used to
display a 2D projection of a 3D discretely sampled data set. Here the 3D data set is a group of 2D slice

images acquired by a CT scanner. These are acquired in a regular pattern as aperekoeatelyevery
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Figure IV .2. lllustrations of the proposed system in use. (a) Surgeon using the system. (b) Virtual

hand interacting with 3D abdominal model. (c) Navigation of axial slices. (d) Navigation of

sagittal slices.

millimeter and have a regular number of image pExela regular pattern. To render a 2D projection of

the 3D data set, first we define a camera in space relative to the volume. The opacity and color of every
voxel arealso defined. Direct volume rendering is a computationally intensive hask we aclgve the

volume render effect by rendering closely spaced slices withcosémolled transparency. An béx

Controller (Microsoft, Inc., Redmond, WAJs used to adjust theapping between intensity value (HU

uni ts) and Alphadistegpasdr) e nlichykiglfafessb as el i ne t r abhefydr ency
andto enable wholerolume intensity normalization. These controls are shown in a simulated-uy@ads

display in the upper right field of view.

3. Results

The abdominal modetontains 600893 triangles. The CT images were generated from axial
(plane = left/righti front/back), coronal (plane = left/rigihthead/toe), and sagittal (plane = front/béck
head/toe) sections through the data at every millimeter. There were 157 i€imsgges in the axial
direction, 458 in the sagittal direction, and 458 in the coronal direction. The number of pixels in each
dimension is: 512 (leftight) x 512 (frontback) x 157 (heatbe). A pixel corresponds to a unit volume
of size 0.8945 mm (leftight) x 0.8945 mm (frorback) x 3 mm (heatbe). For the slice selection
interaction, ten CT slices were used in each direction.

We demonstrated the system to two surgeons using an abdominal model containing a hernia;

Figure IV .2 illustrates the system in use. Remarks from the surgeons indicate that the system was

64



Figure IV .3. lllustration of user interaction with the abdominal model.

immersive easyto-use, and conveyed a sense of scale and anatomy that is difficult to achieve through a
desktop displayRigure IV .3). They saw immediate uses for the system in both patient education and pre

operative planning.
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Figure IV .4. Volume rendering for abdominal wall CT scan

The volume rendering controls enable real time interaction with the rendering properties so that
users can adjust the display to reveal different parts of the anatomy from the abdominal wall to the skin,
muscles, organs, and bones (as showRigure 1V.4). These dynamic changes are in addition to the
userds ability to walk around the model and peer

data provides a different sense of relative anatomical relationship than the renderings of the segmented

data (as irFigures|V.1-3).

4. Discussion

We have demonstrated a system capable of visualizing large medical imaging datasets that offers
opportunitiedor improved understanding of such datasets. This work is a demonstration of feasibility and
establishes pilot platform on which to evaluate utility of IVR in medical imaging visualization and
establish the relative merits of the IVR capability. Volumesagmentations can be viewed and

interacted with alongside traditional 2D slice rendering. This combined experience preserves/creates a
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perception of scale which may be Aotuitive given more traditional rendering mechanisms. The image
pre-processing cabe fully automated and triggered based on PACS status, so that IVR could be feasible
within a clinical workflow.

Readily available flat screerirtual reality (e.g., Xbox Connect, Microsoft, Redmond, VA) and
low cost IVR/HMD (e.g., <$50, llixco, Sacramento, CA) provide fascinating opportunities for integrating
IVR technology with medical imaging systems. Important questions remain as to tive niéity of full
scale (as presented, wadkound IVR) versus seated IVR versus flat screen virtual reality. Moreover,
substantial work remains in optimizing intuitive interfaces for-salfigation and for guided navigation
(e.g., shared experiencedween patients and clinicians). Ongoing efforts are characterizing the utility of
IVR for medical education and patient communication. In conclusion, integration of IVR technologies for

data interaction with existing PACS infrastructures promises to beuitiulf area of exploration.
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CHAPTER V

AUTOMATIC SEGMENTATON OF THE ANTERIOR BDOMINAL WALL

1. Introduction

Ventral hernias (VH)include primary abdominal wall defects (e.gumbilical hernias) and
acquired incisional defects resulting frggnevious abdominal operation§he management of ventral
hernias remains a challenging problem for primary care physidarggons, and patiend¢Hs occur in
up to 28% of patients undergoing abdominal operatistes in optimal conditiongl61, 167. Repair of
these hernias is fraught with failure; recurrence rates ranging fretB%are reported, even with the use
of biocompatiblemesh[5]. Recurrence of previously repaired VHs increases costs and morbidity to
patients and can require multiple repairee common clinical problem of VH and wide variation in care
present a unigue opportunity for improvement in classification and outcomes. For each 1% reduction in
recurrence of VH after repair, an estimadethualcost savings of $32 million could be reaid[147).

Computed tomograph(CT) is used to makegualitative clinical judgments aboua particular
patient s herni a f bdloweverrtieeangnentitativeraetrid cupently i nse is thes .
transverse dimension dfie hernia defectWe posit thathie CT image obtained from these studies is
underutilized and provides a potiatly rich 8 and automated means of betterhamacterizing VH
Threedimensional suctural measureents based on computational todlave been the subject of
extensive study in the brain in the search for biomarkers for clinical development of thesdi€4,
and have been targeted for therapeutic modifications and as surrogate endpoints in clinical trja¥ (e.g.,
15]). These methods kia yet to be applietb VH.

Image segmentation methods to capture the 4fireensionalVH-related anatomicastructures

could provide a foundation on which to measure geometric properties of hernias and surrounding tissues.
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For example, given the segmentation, aeeld numeically locate the hernia with respect to anatomical
landmarks, compute the area of disruption @oldme of herniated tissuestimate the displacement and
volumetricchanges in abutting wall structures versus change at distant relatively normal isdubss
help surgeons to classify the VHs and optimize the treatment delivery. In a paralle][3fidwe
consider a manual beling protocol thauses the normal appearing anterior abdominal wall and the
herniated region to describe the shagated characteristics of VH, and s$ascial boundaries and bony
landmarks as the features to extract the locaetated characteriss. Herein, we target reproducible
automated segmentation of the outer surface of anterior abdominal wall.

There are few studies involving the segmentation of abdominal wall. Feng et ala (8iad

Figure V.1. lllustration of the image qualities in Ventral Hernia CT. (A) and (B) demonstrate CT

scans with low artifacts for normal abdominal wall and for herniated region, respectively. (C)

(J) illustrate challenges from the segmentation of anterior abdominal wall, where red arrows
indicate the challenging regions in each scenario. (C) The linegdba is thin and of lower intensity
than normal. (D) The linea semilunaris is thin and of lower intensity than normal. (E) At the
herniated region, the abdominal wall is stretched and can be barely seen. (F) The hernia volume
is folded, which introduces alarge curvature. (G) The patient is slim, which makes it hard to
differentiate the muscles from the skin. (H) The umbilicus can interfere with the smooth contour
of the abdominal wall. (I) Speckles in the fat are of similar intensity with muscles. (J) Mat

implants result in streaking artifacts in CT scans.
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bipping-free deformable modeb register the inner boundary of the wall for ease of segmentation and

visualization of abdominal orgaf$70. Zhu et al. provided an interactive approach to remove the entire

the abdominal wall to reduce the sliding motion effect on therigih registration of abdominairiages

[33]. Yao et al. segmented the outer surface of the abdominal wall to separate subcutaneous and visceral

adipose tissue by fuzzyroeans clustering and active contour mod8. Among these studies, the

abdominal wall was extracted to provide a better access to other abdominal structures, but noéatonsider

as the main entity for precise quantitative analysis. However, for our purpose okdatgeVH

classification and characterization, a fullytomated approach is required to provide the segmentation of

a smooth surface of the anterior abdominal watusately and reproduciblyl_evel set image processing

methods can be ideally adapted to finding contours between objects of different intensity in the presence

of noise, artifacts, and disruption through the use of tuned regularization ¢ttefia Abnormal hernia

geometriesand various image artifacts camake the voxelwise intensty information misleading, and

thuscausethe segmentation @he abdominal walto bechallenging Figure V.1). On the other hand, the

intra-tissue variability appears to form repeated patterns within local regions. These local textures are

visually distinguishable between different tissues, e.g., adipose tissue looks grainy, whereas muscles and

bones are dense. Bhiposes an interesting question: can texture analysis impghasdevel set

segmentatiomvithin the abdominal regigrespecially for the segmentation of anterior abdominal wall?
Texture analysis has bearlong studied technique computer visiorf53], and has been applied

to medical imaging54]. Statistical methods (e.g.,-o@currence matricg$5, 56]) are used if the texture

is considered as the spatial distion of intensities, where seceondler statistics of the image is

estimated. Geometrical methods (e.g., Voronoi tessell§tiéfj) identify building elements for texture,

and then assess the statistical properties of these elements, or extract the placement rule that characterizes

the texture. Modebased methods (e.g., Markov random fieJdg2, fractals[173) establish image

models that capture essential qualities of texture for ease of texture description and synthefiasé&dlter

methods extract features in frequency domain by passing images througkhantfielfilter operators.

Gabor filters,for exampleare capable of extracting frequencies and orientations at multiple scales from
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images as texture features for classification and segmen{&8682]. Severalstudies have integrated
texture analysis with level s&tchniqueg63-65], among which Paragios et al. proposed a sophisticated
geodesic active regions framework that combines both boundady regiorbased modules extracted
from texture analysis into one level set objective function fipresvised texture segmentatifitiv4 o
these studies mainly targetedrtitioning regular textures (wood, fabric, zebra, leopard,. dtede,we
assesghe feasibility of the perceivetbcal textures(as an alternative of/in addition to the intensity
valueg, to drive more effective level set segmentation for anterior abdominal\Welpropose a direct
approach tausetexture analysis for level set segmentation. In particular, we leatore features by
Gabor filters, cluster the features into vemese probability membership, and guide level set evolution
by the local differences of the membership in placeriginal intensity valuesSegmentation results of
the proposed approacheatompared against the methods only using intensity information.

We note that or interest in the abdominal wall is motivated by our desire to stuidy.
Therefore, our population of interest includes subjects with poor imaging contrast, abnormal anatomy,
metallic implants, etc. The existence of VHs greatly challenges the segmentation of abdominal wall
(Figure V.1). We are evaluating the performanceoaf image processing methods in the context of these

considerations to preserve robustness. These issues motivate the potential clinical impact of this work.

2. Theory

Herein, we describe the details on the algorithm and implementation of the proposed texture
segmentation of abdominal wall on ventral CT scans with suspected VH. We provide brief description of
the segmentation of bony skeleton and skin surface as other essential structures for VH characterization

(Figure V.2).

2.1. Algorithm

The anterior abdominal wak formed by muscles (e.g., rectus, oblguend fascial connections

(e.g., linea alba, linea semilunaris) encompassing the abdominal .c®wtgn the distinguishable
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Figure V.2. Flowchart of the proposed method.The target image was affineregistered to a
probabilistic atlas in terms of the extracted high intensity structures Specific types & bony
structures were then identified by trarsferring labels from the atlasto the target image based on
a Bayesian framework, which incorporated the psition information from the atlas and the
intensity distribution for each label. After the skin is segnented by a curvatureconstrained level
set method,the two anterior iliac crests and all visible ribs are selected asndmarks, based on
which three coordinates were created. The skin is then colored with RGB values converted by the
normalized shortest dstances to the biomarkers. Texture analysis followed by a fuzzymeans
procedure was used to estimate a voxelise probabilistic membership. An edge map was derived
from the membership to guide the level set evolution, while the hard segmentation of mies
from the membership combined with the segmented skin was used to derive the initial start.
Ground truth was manually labeled for the abdominal wall to calculate the surface errors of

automatic segmentation.

intensities between muscles and adipiis®ie in CT scans, an intuitive approach could be to extract the

muscles by intensity thresholding, and then use a series of appropriate morphological operations to obtain
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the whole abdomen region surrounded by the muscles. However, three facts cgnchedigthge its
reproducibility: (1) Skin can be difficult to eliminate due to variable thicknesses and variable distances to
the muscles around the body across different subjects, given overlapping intensity distribution with
muscles; (2) Muscles are gtlyastretched in herniated regions and have much lower intensities than
usual, which often results in gaps in muscle walls after thresholding; (3) Selection of morphological
operators becomes challenging to construct a smooth abdominal region from treeshages for the
existence of imaging artifacts, especially in speckled adipose tissue.

Level set approaches, on the other hand, are more generally applicable wittesigaied
evolution functions. In the level set approdth§, an evolving surface is embedded as the zero level set
of a higher dimensional level set functignafd , and propagates implicitly through the tesrg
evolution offg in terms of a given speed functit®Z «d is defined as signed distance function to the
evolving surface with negative value inside the surface and positive outside. The speed function, which
can be spatially varying, is usuallyetérmined by advection forces (e.g., constant inward or outward
motion), intrinsic geometry (e.g., mean curvature), and image attributes (e.g., intensity, and its gradient).

The temporal evolution of the level set function is usually described in theviimjdorm,

B @Bs m (5.1)
wherejfu| represents the normalized gradient of the

Regiontbased level set method419-121], which rely on the global homogeneity of spatial
localized features and propertieare not welsuited to our problem because the abdominal region
contains not only muscles, but also visceral adipose tissue, bones, and organs with and/or without
contrast. Edgbased approachd&0-52], which rely on the local differences in the imageems a
reasonable approach to start with, to extract a continuous smooth outer surface of the anterior abdominal
wall, although challenge&igure V.1) remain to be dealt with.

Here we construct an evolution function that follows the Geodesic Active Contours (GAC) model
[51],

B 1 O 1 O O 17 O (5.2)
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where"Qis usually called edgestopping function, proposed by Malladi et |22 to stop the level set
evolution at the boundaries of objectghich can be typically measured for an im&@e the form as

follows,

_ P
p 9@
Il represents the lat curvature of the signed distance function

A E@% (5.8)

In the evolution function shown in (2D acts as an inward/outward normal pressure force,

"Q (5.7)

also known as balloon force, to speed up the evolution prd€essis a curvatureonstraint term to
smooth the level set evolution adjusted by edge stopping fun@ion.is aterm to reinforce the edge
preserving capability, especially under the balloon force. We append a regularizatit@ tepnoposed
by Li et al.[179 to enable the level set evolution free from additionahitalization. The weights
associated with the four terms can be customizespiecificpurposes.

Local optimum and boundary leaking problem are the two biggest iksuedgebased level set
methods. Particularly, the evolution of edupsed level set is likely to be stuck at noisy regions away
from the target boundary, or on the contrary, pass through the target boundary where the contrast is not
high enough. Both s can be present in our VH data. This leaves the edge stopping function and the
initial start of level set critical to the segmentation results.

The edge stopping function estimates the edginess across the image to guide the proceeding and
stopping of tle evolving surface. Regarding the image of edge stopping function as an edge map, we
expect it to be clean and higlntrast, while the edge map derived from the original image can barely
satisfy our expectation. Nonlinearly smoothing the image by antespso filter, which averages each
voxel with local voxels of similar intensity, can be an option to reduce the noise in an image while
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preserving the edges between regions. Yao ¢B83].proposed to lassify the body into adipose tissue
and nonradipose tissue by fuzzymeans (FCM) clustering on smoothed images, and derived the edge
map by the probabilistic membership of the two clusters instead of intensity. However, these intensity
based efforts mape less effective when the inttiasue variability is nearly on par with the intesue
variability, which is not uncommon in VH CT scans.

We focus on textures. Adipose tissue is embedded with scattered speckles and is also
distinguishable from muscle@ups constructed with muscle fibers, and solid bony structures. In addition,
streaking artifacts are more severe in adipose tissue than in muscles and bones. Therefore, we consider
texture analysis a potential tool for tissue classification around treerabal region. The frequenegnd
orientationselective properties of a Gabor filter provides us a rehillinnel approach to extract texture
features at multiple scales. A Gabor filter can be considered as the product of a Gaussian envelope and a

sinusoidfunction[176]. For our specific use, we use-®35abor filter in the form of

Qo —P—10 Ai &L % (5.9)

cn Y =
where,_ and%oare the wavelength and phase offset of the sinusoid function, respegctivelyhe

standard deviation of the spatially isotropic Gaussian envelop, specifiedkpsradent variablef _ (i.e.,
™ @ ,and @hohy are the rotated spatial coordinates of Gaussian envelope,

@ Al OBfn o
W OB+ AT-On (5.10)
a s mTo op

where—denotes the orientation of the Gabor filtetinplane. Note that we only take theptanetexture

features into consideration by the setting of sinusoid function in (9) and coordinates rotation in (10).
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Multiple filtered images can be obtained by convolving the original image with a bank of Gabor
filters. In practice, we set the phase offsere®, choosertft dhw ffp o’vas four possible values for
orientations, and follows a frequency selection scheme proposed by Zhand eflalvhich emphasizes
on intermediate frequency bands. Suppose the size of thesewtsmnal image i 0, the selected

frequenciesOcan be estintad as follows,

ko mu ¢ "5k QAT E (511)

Filtered imag;es are converted into featuneages by a nonlinear transformation,o
OA1 Bwith| set asl, where the sinusoidal modulations in the filtered images are transformed into
square modulations, or in other words, the features are enhfg@led’he stack of all these feature
images forms a feature vector for each voxel of the original image, which enables us to use FCM

clustering for classification. Here we empirically set the number of clusters as eight, andtiobtain
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Figure V.3. Proposedtexture analysis (A) Original CT image; (B) Hard segmentation of different
structures; (C) 1 (J) illustrate the membership probability for each of the eight clusters, which
are estimated from fuzzy emeans clustering on texture features extracted by Gabor filters.
Within each cluster, the probability value indicategartial membership to the cluster.Note that
fat tissue and muscles can be identified from (H) and (J), respectivelyB) is constructed by the
modes ofamong the eight clusters for all voxelswhere we note hat the muscles and fat tissuare

effectively partitioned for assistance of the following edgéased level set segmentation.

76



Smoothed Image Texture Clustering

Intensity/
Membership
Edge Energy
\ 1.0
- 109
0.8
Edge Map 0.7
0.6
0.5
0.4
Contrast — 0.3
Adjusted 0.2
Edge Map
0.1
0.0
Level Set
Result

Figure V.4. Edge map and level set results of four methods. The four columns illustrate the
results on the original image, the image smoothed by an anisotropic filter, the membership
estimated by an intensitybased fuzzy emeans clustering, and the membership estimated by a
texture-based fuzzy emeans clustering, respectively. The first row shows the intensity images
(first two columns) and membership images (last two columns). The second row shows the edge
maps directly derived from the images of the first row. The third row illustrates the contrast
adjusted edge maps for ease of level set evolution. Note that the level set front tends to proceed at
brighter regions, and to stop at darker regions on the edge maghe fourth row presents the level

set results (epresented with red contours) on anterior abdominal wall segmentation for four
methods with the same parameters.

probabilistic membership for these eight clusters as soft segmer{fitiome V.3). We defined as the

probabilistic membership for th@ cluster, and) as the number of clusters, and characterize the edge
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map in terms of the texture

0 — P (5.12)
p B &-s
wheredl- s indicates the local difference based on each texture membership as opposed to intensity
defined in (7) so that edges between distinct textures can be enhanced. Note that we sum over all
probabilistic membership to ensure that all textuige differencesre captured.

The contrast of the edge map is enhanced by an approximated Heaviside function for ease of
edgebased level set, where the edge map is expected to be almost zero at abdominal walls, while
approaching one for adipose tissue. Comparing tor dtiree methods using (1) original image; (2)
smoothed image; (3) intensity clustering, the edge map derived from the texture analysis provides better
contrast, i.e., strengthened wall boundaries with reasonably cleared adipose, which enables tholevel set
evolve right at the abdominal wall, rather than get stuck bymmascle structures or break into the
abdominal cavityKigure V.4).

We note thatwithin the hard segmentatiorigure V.3B), i.e., the voxelwise mode cluster
memberof the soft segmentation, muscles are quite -distinguishablefrom skin in terms of texture
clusters as opposed to the scenario of intensity thresholding, which leaves a good opportunity to derive an
initial start of level set evolving surface close enough to the abdominal wall. In particular, we start with
the largst component of the haskgmented muscleBigure V.5, 15 col), and filled the holes within the
surface30 voxels outside the zero level seirfaceof the muscleRigure V.5, 2 col). Then from the
surface of the holéilled volume, we go inside by 20 voxels, and eliminate the regions outsile
segmented skin surface. The surface of the rest volEigarg V.5, 39 col) is considered as our initial

start for the following level set evolanh (Figure V.5, 4" i 6" col) for abdominal wall segmentation.

Note that all the distances discussed here are in the unit of voxel in 3D.
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Initialization Preparation Level Set Evolution

Figure V.5. Process of level set segmentation on anterior abdominal wall for three subjecthe
red contours indicate the current segmentation for each proces$he first two columns show the
preparation for the initial start. The last four columns illustrate the iterations of level set

evolution. Note the third column demonstrates the initial start of the level set segmentation.

2.2. Implementation
Detailed parameters during the implementation for the segmentatiabdaiminal wall not
covered above are given as follows.
We enhance the contrast of the edge map from the proposed texture analysis by an approximated

Heaviside function,

) g P S(,OI &o%fﬁ (5.13)

wherew is the threshold, andis a small number which determines the steepness of the Heaviside

function. For our method after texture clustering, we assigand- to be 0.995 and 0.001, respectively
Weighting parameterare specified as 5, 50, 5, andfdfOthe four termsn (2), i.e., balloon force,

curvatureconstraint, edg@reserving, and regularization, respectively. We run the level set evolution on

the whole volume for 500 iterations.
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The other three methods we test for comparison share the same weighting parametiens, itera
number, and the same initial start as our texture clustering method, which leaves the difference only on
the edge maps. Specifically,

(1) Original image: We measure the edge map from the raw CT image, and enhance its
contrast by applying (13) witth  m&ut tand- T8t T.P

(2) Smoothed image: We smooth the raw CT image with an anisotropic filter via SUSAN
(Smallest Univalue Segment Assimilating Nucle{$7§ in FSL (FMRIB Software
Library, University of Oxford, Oxford, UK). We specify the anisotropic filter a spatial
size of 10 mm, and a brightness threshold of 20, under which is considered as noise to
eliminate. The edge map measured from the smoothed image iscedhay applying
(13) withew 18t mand- T8 T.p

(3) Intensity clustering: We cluster the intensity of the smoothed image into adipose and non
adipose regions by FCM followinthe twostep procedure described [iB2]. The edge
map derived from the probabilistic membership of the two clusters is enhanced by

applying (13with w 1@ wand- 718 1T.p

2.3. Other Structures

Bony skeleton and skin surface are also essential structures for VH characterization; hauvever
approaches for the segmentation of these structures are not directly relevant to théetmixitee in the
level set segmentation. Therefore, only brief descriptions of our approaches are provided as follows.

We consider parts of the bony skeletas natural structures to derive landmarks for VH
localization[34]. Precise surface extraction of bone®éyondour major conern. Instead, we separate
the whole volume into five partitioris (1) background; (2) pelvis; (3) spinal vertebrae; (4) femurs; (5)
ribs, and any other bones surrounding the spig., sternum, scapula, etc.). We use an -btsed
segmentation method to partition the bony skel et

with a preconstructed atlas in terms of the high intensity (> 200 HUs) anatomical structuadfnby
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registration using FLIRTFMRIB's Linear Image Registration Todl79, University of Oxford Oxford,
UK). Then wecombine the empirical intensity distributiaf each structur¢as the generic likelihood)
with the position probability obtained frothe smoothed atlagas the prior) into a Bayesian framework
so that the bony structures not perfectly aligned, but close to the atlas may still be captured éneits inh
intensity, while norbone structures hit by the registration can be cleared out.

Skin surface can be considered as a starting point for further imaging segmentation (i.e., the
abdominal wall) inside human body, while skin segmentation, or body gairan CT scans, can be
reduced to the problem of removing the table and sheet after intensity thresholding since the majority of
the human body (except for the air) in CT scans is of intensity larger2BArHUs. Intensity clustering
is a simple and &tient approach for body extracti¢82]; however, there are cases that patients touch, or
even lay right on the table without any sheet in between so that the table can be connected with the human
body after intensity clustering, where we believe level set with curvature constraint is a more practical
option. Briefly, we construct the evolution function with an intensity constré260(HUs ~ 50 HUs) to
guarantee the inclusion of the adipose tissuaaliys-100 ~-50 HUs) while excluding the background
(around-1000 HUs), and a curvature constrainsinooth out the surface temporarily stuck at the table
edgeduring the level set evolution. We run the level set evolution on every slice of the volud@0fo
iterations, initializing with a box four pixels into the image boundary. After each iteration, we update the
I3 values within a narrowband of 2 pixels around the zero level set, and recalculate the signed distance
function based on the largest compainef the regions with nepositivels values as an approximation of
a reinitialization process.

Based on the segmented bony skeleton and skin surface, we calculate putativesmetiéat
coordinates on the purpose of a robust localization metric asubgscts. We consider the left and right
iliac crests (the most anterior point on each side of iliac spines) extracted from pelvis, in addition to all the
rib bones as three groups of landmarks, to which we calculate the shortest spatial distancésitd cons

three coordinates.
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3. Methods and Results

Retrospective, clinically acquired CT data on 20 patients with suspected VHs were acquired in
anonymous form under institutional review board supervision. The including criteria were to select
patients having atobminal scans that covers from xiphoid process superiorly to pubic symphysis
inferiorly. Large variations were seen among the volumes in voxels (512x512x90 ~ 512x512x200) and
resolution (0.6x0.6x5 mm ~ 1.0x1.0x3 mm). Average field of view in millimeteas approximately
400x400x500 mm.

The ground truth of abdominal wall was created by a research associate, who was trained on a
manual labeling protoco[34] for herniarelated anatomicaktructuresusing the Medical Image
Processing And Visualization (MIPAV)L53 software (National Institutes of Health, Bethesda, MD)
and a high resolution tablet input (Wacom, Tokyo, Japan) on-lzit@4nux workstation The entire
herniated region was labeled volumetrically, while the normal abdominal wall was labeled on axial and
sagittal slices approximately spaced every 5 cm for efficiency. We apbiredlate spline interpolation
to thelabel meshes of abdominal wall combined with the hernia labgltovidethe surface of anterior
abdominal wall, as well as the outer suefamf herniated region and normal wall as two subsets for
validation. We note thahé choice of manual validation protocol was designed to yield an acceptable
accuracy of anatomical labeling within one hour of manual time per patient. We have fouhththktée
spline interpolation in the normal wall provide resolution on par Zmim) with manual tracing with a
5mm gap The curvature within the herniated regions exhibits much higher spatial resolution, so every

slice was labeled.
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Figure V.6. Quantitative results of anterior abdominal wall segmentation. Four level set methods
based on different edge maps (1. Green star: baseline original image; 2. Magenta cross:
smoothing image; 3. Red circle: intensity clustering; 4. Blue diamond: texture clustering) are
evaluatel in terms of surfaces distances. The first column denotes the error metrics for the whole
wall, while the second and the third column focuses on the hernia region and the normal wall
region, respectively. The top row illustrates the cumulative fraction ofegion based on increasing
3D surface distanceerror between interpolated wall from manually labeled ground truth and the
automatic segmentation. The bottom row shows the error bar of mean surface distances. The
subject indices are sorted in terms of themean of the overall mean surface distances of the
texture clustering method. Note that 9 out of 20 subjects have no hernia labeled in the truth,
which is indicated as gold stars in the middlbottom plot. Four subjects (A, B, C, D) are selected

to illustrate the qualitative results inFigure V.7.

Bony structures, skinsand anterior abdominal walls were extracted from the 20 selected scans
with our proposed automated segmentation methods. Here the bony structures are regarded as visual
references, while skin segmentations serve as the loose outer boundaries of abdominal walls. For

abdominal wall segmentatiomve integrated the edge map and the initial start derived from the texture
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analysis into the baseline GAC level set model. For comparison, we tested three other methods using only
intensity values using the same GAC model, with the same parameterdaveirget evolution function,
and for simplicity, starting from the same initial surface provided by our texture analysis. The
segmentation results were validated against the ground truth, wimesieesdistancesvere calculated
from everypoint of the inérpolaed abdominal wallto theautomatically segmentemalls.

Using texture, median surface errors were ¥lmm for the abdominal wall and <56mm for the
hernia; errors were significantly greater§2nm) for methods that did not use the tex{figure V.6, 1%
row). The mean surface errors acrosssibjects werd..87#8.72 mm over theanterior abdominal wall
T T8

than the best case of the three inteAsdged methods in terntd paired Wilcoxon signed rank test

using our texturéntegratedmethod, whichwas statisticallysignificantly lower E

(Figure V.6, 2 row). Figure V.6 and Table V.1 provide more detadld error metrics on four tested
methods.

Four subjects with variable mean surface errors were selected to illustrate the perforntaace of
proposed method. Segmentation results were demonstrated in a volumetric view, as well as in slices, both
with ground truth overlaid. Generally, the entire abdominal regions of the four subjects were well

segmented with reasonable errors around thaadtechregionsKigure V.7). In addition, we rendered the

Table V.1. Error metrics based on mean surface distance (MSD).

Method Region MSD (mm) MSD < 1mm (%) MSD <2mm (%) MSD < 5mm (%)
Original Overall 5.1#1.61 7.6549.55 14.09+5.09 55.12482.12
image Hernia 6.21143.82 13.5748.71 23.33#14.55 54.2429.82
Wall  5.09+#1.58 7.19.79 13.29#5.48 54.56122.96

Smoothed Overall  3.05#.13 25.31#15.19 43.25#19.47 84.43#10.8
image Hernia 5.7543.79 16.47412.37 27.4247.71 60£25.2
Wall  2.9641.07 25.18#5.5 43.39+419.99 85.43#10.03

Intensity Overall 2.65#.71 38.66416.29 60.05#19.13 85.07#8.22
clustering Hernia  5.6243.92 18.81#40.36 33.2416.92 61.7826.01
Wall  2.53#.69 39.27#6.62 61.14+#19.39 86.21+#8.07

Texture Overall 1.874#.72 50.89#14.5 72.783.71 91.61#4.96
clustering Hernia  6.14#4.52 15.5240.5 28.3646.21 56.6525.79
Wall 1.7440.7 52.04414.05 74.4143.29 92.854#4.34
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Figure V.7. Qualitative results on selected subjects fronfrigure V.6. The letters (A, B, C, D)

match with the subjects circled in Figure V.6. The left panel shows avolumetric view of
segmentation. The right part presents the results on several slices. Note blue denotes the
automatic segmentation, green denotes the manually labeled anterior abdominal wall on sparsely
sampled slices, and red denotes the manually labdlderniated region. In addition, in the slice
representation, the segmentation errors for the normal abdominal wall are highlighted in yellow,

while those for the herniated region are highlighted in orange.
interpolated abdominal wall with surface errors for the whole cohort. Over half of subjects had acceptable

errors for the entire walFgure V.8).

4. Discussion

An edgebased level set method intetgra with texture analysis is proposed to extract the anterior
abdominal wall, which providethe segmentation with mean surfaeerors less tha 2mm on 20
retrospective subjects validated manually labeled ground truthVe do not claim that the proposed
method has completely addressed the most challenging cases, but these are less impacted compared to
other published methods. Specificalbgsed on the qualitative results showrigures V.5, V.7, V.8,

we believe that challenges represented-igure V.1G-1l are well handled by the proposed method,
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Figure V.8. Error maps for 20 subjects. The shape of the error map is provided by a thiri plate

spline interpolation of the anterior abdominal wall on manual labekd meshes, where the lateral
boundaries of the interpolated surface is also given by thiplate spline interpolation, but on the
terminations of the label meshes. The rendering color represts the 3D surface distance from the
automated segmentation to the interpolated abdominal walNote that errors are most prominent

in fascia and hernia regions.
while the challenges dfC-1F and 1J are under better control than other methods. The methods using

original image or smoothed image tend to suffer from the problerhGsetl, while the method of
intensity clusering is more likely to present worse performances in the casgé€-aE. In addition,
guantitative results ifrigure V.6 and Table V.1 show the improvement of the proposed method on a
global scaleTherefore, we come to a conclusion ttregt inherent texture patterns are helpful to the tissue
classification, andeixture analysis can improve the level set segmentation around the abdominal region.
The capability ofidentifying muscles fromfat is critical to theproposedsegmentation of #
abdominal wall. Through the texture analysis, the majority of muscles that constructs the abdominal wall

can be distinguishable from fat tisstiéhe fascia regions, as well as some herniated regions appear as
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similar texture as the fat tissuigure V.3H, 3J). This creates gaps between the muscles of abdominal
wall, which challenges the level set segmentation for not intruding into the abd@uerature
constraints in level set cost function serve to prevent the intrusion by smoothing the surface evolution, but
may fail to capture the underlying structuféigure V.8). The identification of those regions requires
further study, which can promisingly improve our current segmentation of the abdominal wall. We also
note that some internal organs, e.g., kidney and small bowel, have similag #xfiat. This might be an

issue for the visceral fat; however, it is not critical to the segmentation of surface of the abdominal wall.
Therefore, we are more focused thie quality of texture classification between the skin surface and the
outer surfaceof abdominal wall, i.e., the region that our level set method evolves through, than the
internal abdomen.

The segmentations of bony skeleton and skin present visually reasonable results. Robust
landmark derivation from these structures is under developimexH characterization, and quantitative
validation will be conducted on the derived landmarks. In continuing efforts, we are interested in
characterizing the abdominal wall composition, including the tissues imatrewband (small area)
aroundthe ouer fascia surface (includinguscle, bone, fasciargan, air, etc.)Using surface curvature
models and tissue classifications, we will seek to identify abnormalities and disruptions (hernias) in the
abdominal wall. Ultimately, improved quantificationtodrnia and abdominal wall structure will leadato
better idea of whm to treat (or not treat) and with what typerepair.This would lead to standardization
of care and ultimately, less waste in this commonly performed procedure that is currentijtirife

unnecessary variation in care
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CHAPTER VI

AUGMENTED ACTIVE SHPE MODEL (AASM) COMBIING MULTI-ATLAS LABEL

FUSIONAND LEVEL SET

1. Introduction

Segmentation of human anatomical structures is challenging in medical images due to their
physiologicaland m@thologicalvariations in shape and appearance, the complicated surrounding context,
and the image artifacts. Active sleamodels (ASM66]), also known as statistical shape modas],
provide a reasonable approach to characterize the variations in human anatomy, and thus have been
widely used in the medical image communifi®2, 180 181]. Given training datasets and their
representation of the shape (usually landmarks), titatisnodels can be established for the structure of
interest to characterize (1) the modes of its shape variations and (2) the local appearances around its shape
boundary to drive the segmentation on other images.

However, as a modélased approach, ASkhay present catastrophic segmentation failures if
configured inappropriatelySince the shape updates of ASM focus on only local context, ASM
segmentation can be sensitive to the model initialization, and/or fall into local minimum when given a
large search range for the updates, and thus undermines its performance. This probktmvoese in a
common segmentation procedure of clinical acquired medical scans, e.g., computed tomography (CT) and
magnetic resonance (MR) images given their highly variable contexts. We posit that integrating
traditional ASM with global optimization camprove its robustness to those challenging problems.

There have been efforts to combine ASM with level set (LS) techniques, where shapes are
implicitly represented by signed distance function (SDF), and the statistical models build on SDF using

principle component analysis (PCA) are used to regularize the LS evolati@n114, 187. Region
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based LS builds it speed function on global information, where the-Cosa (CV) algorithn{183 is

most commonly used as to evolve the SDF by minimizing the variance both inside and outside the zero
level set. Tsai et a[113 augmented the CV algorithm with two addlital terms in the speed function

that penalized the deviance from frained shape model to segment the left ventricle and prostate on
MR. Despite its success in shape constraint, this approach was not built for accurate structural
segmentation since nlocal appearance searching from traditional ASM was deployed to capture the
boundaries of structures. In addition, it is difficult to design a LS speed function to handle more variable
contexts, e.g., secondary structures located within and around ttterstrof interest.

The multiatlas label fusion (MALF) techniqugl24, 184 has become popular recently for its
robustness. Given the capabilities of the stditthe-art registration tools to roughly match two images
regardless of the underlying contextual complexity, MALF leverages canonical atlases (training images
associaté with labeled masks) for target segmentation by image registration and statistical label fusion.
MALF, by design, provides not only the hard (categorical) segmentation, but also soft (probabilistic)
estimation. Xu et al.39] integratel MALF with shape constraints to improve spleen segmentation on CT
by probabilistic combination; however, it was sensitive to the alignment between the MALF estimate and
the shape model.

Here we propose an augmented active shape model (AASM) by integviinig and LS into
the traditional ASM framework. Briefly using the AASM approach, the landmark updates are optimized
globally via a regiosbased LS evolution applied on the probability map generated from MALF. This
augmentation effectively extends the shamg range of correspondent landmarks while reducing
sensitivity to the image contexts, and thus improves the robustness of the segmentation. In the following
sections, we present our proposed algorithm, and validate its efficacy on a toy example diffe v

clinical datasets. This work is an extension of a previous SPIE conference¢l&per
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2. Theory

2.1. Problem Definition

Consider a collection oY training datasets (also called atlases in the context of MALF) including
the raw images kv s and their associated labgjs¥ O , where0 is the number of voxels in
each image, and Tfp represents the label for the background and the structure of interest,
respectively (only considering binary cases for simplicity). Based on each training label, the shape of the
structure is charactexéd by a set of landmarks. The landmark coordinatesfo 8 o o are
collected in a shape vector for each training datasét asw hw h&Hw hw . Correspondences of
these landmarks across all training datasets are reqBDed. target imagé the goal is to provide a set

of landmarkso that represents the shape of the estimated segmengation

2.2. Active Shape Model and Shape Regularization

The meard, covariance) of the shape vectors of the training datasets are ceaipurhere

ot

oM — o6 6060 0 8 (6.1)

<lo

Using PCA, the Eigenvector$ with its associated Eignenvalues are collected. Typically,
Eigenvectors correspondent to thlargest Eigenvalues were retained to keep a propdt@ohthe total
variance such th& _ "QB _, where'E I gl s8 gl . Within this Egensystem, any set of
landmarks can be approximated (often called shape projection) by
6 0 "EH (6.2)

where™Hs aodimensional vector given by

"H "E 6 © (6.3)
"Hcan be considered as shape model parameters, and its values are usually constrained within the range of

& _ when fitting the model to a set of landmarks so that the fitted shape is regularized by the model.
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2.3. Local Appearance Model and Active ShapeSearch

The intensity profiles along the normal directions of each landmark are collected to build a local
appearance model to suggest the locations of landmark updates when fitting the model to an image
structure. For each landmark in tlik training image, a profile o Q p pixels is sampled with k
samples on each side of the landmark. FolloWitff], the profile is collected as the first derivative of
the intensity, and normalized by the sum of absolute values along the,draficated adH. Assuming
multivariate Gaussian distribution of the profiles among all training data, a statistical model is built for
each landmark,

MMH H HR "H "H (6.4)
where™Handn represent the mean and covariance, respectively. This is also called the Mahalanobis
distance that measures the fitness of a neamyped profileHo the model. Given a search rangexof
pixels @  Q on each side of the landmark along the normal direction, the best match is considered with

the minimun™Q™H value among, & "Q  p possible positions.

2.4. Multi -Atlas Label Fusion and Probability Map Generation

A pair-wise image registration is performed between each étlaﬂd the target imagé&to
generate a transformatigh  that maximizes a similarity metriy ) between the two images.
] AOETVO4 EhRk
el %E = (6.5)
This transformation is propagated on both the atlas image and label, where
= A ke =8 (6:6)
A label fusion proceduré "®& then used on the registered atlases to generate anviabegbrobabilistic

estimationsp N on the target,

7 0 Ohleree 6.7)
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where the registered labejsare combined on a voxel (or pixel) basis, and typically weighted by the
similarities between the registered imadasnd the target image. The probability map of the structure of

interest! ~ 5 can then be derived by normalizigg

- = (6.8)
wheress andsp represent the background and foreground probability respectively. We note that we
leave some abstract notions (eédg., , YO, and0d "Din the description of MALF above given its

sophisticated process and the large number of variants in impleimentat

2.5. Level Set Evolution with ChanVese Algorithm

In the LS context, the evolving surface is represented as the zero level set of a higher dimensional
function%o. 6fd , and propagates implicitly through its temporal evolution (speed funetion)th a time

stepQ 0%0afD is defined as SDF, with negative/positive values inside/outside the evolving surface,
respectively. The CV algorithm evolves the SDF by minimizing the variances of the underlyingoimage
both inside and outside the evolvingrisge. Givend AOAOA EA % m , and 6

AOA OA GEA %o 1 , the temporal evolution of CV can be written as

T %o o . ., , "
T—b|‘]Ao 6 o 0 0O (6.9)

where] O is the Dirac delta function] A Egeé represents the curvature of SDFand‘ are

considered as the evolution coefficient and smoothness factor, respectively.

2.6. Augmented Active ShapeSearch

Given (1) trained active shape model, (2) trained local appearance model, and (3) probability map
generated from MALF, an augmented active shape search procedure is performed in each iteration of the

shape update&igure VI1.1).
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Figure VI.1. Flowchart of the proposed AASM approach. Shape models and local appearance
models are constructed basedn the atlas images and labels during the training stage. When
testing on a target image to yield an estimated segmentation, an iterative process is performed.
During each iteration, regionbased LS is used to evolve on the probabilistic map generated by
MALF to augment the traditional active shape search by global optimization, followed by the
active shape regularization on the segmentation. Note that the borders of blocks are colored in
distinctive colors. The small colored boxes within a block represerits prerequisite blocks in
corresponding colors. For example, multiatlas probability map requires (1) atlas images, (2)
atlas labels, and (3) target image.

Let ofto be the current landmark positidée the current zero level set. First, LS evolution
using Eq. 9 is performed by assigning 4 for ¢ iterations, and the zero level set move%¢a Then
the zerecrossing point along the normal direction afto on%. is collected asaw o , and considered
as the new landmark position after LS evolution. Aloagw , the gradient intensity profiles are

sampled, then the active shape search suggests an updated posiidmoat with its correspondent

profle'H A OC I"GBH. The rewly searched positions for all landmarks are then projected to the
H

model space by Eq. 3. After constraining each model parameter, wikere
i ET Adh & _ R _ ,thelandmark positions are then regularized by Eq. 2. Noté thgg
smal number since the LS evolution here is used to suggest a globally optimal landmark movement as

opposed to provide the final segmentation.
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2.7. Optional Variants

The baseline pipeline can be optionally modified as follows to tailor for specific applications.

A multi-level scheme can be applied to the local appearance model, the LS evolution, and the
active shape search. Typical downsample ratiq is for the #" level; the landmark updates performed
on the this level are with a multiplication qf in the original image size, which effectively enlarges
the search range.

An optional maslkd can be used so that the evolution will only affected by the masked ROlI,
where the computation of the averages are modifiedl asA OA OA EA % mAT'A 1, and
6 AOAOACEA % mAT'A .

The landmark positions can be normalized by a transformation before deriving landmark

positions from the evolved LS.

LI (R B (S VN4
Y LI (SR T (B S (6.10)
i 1 P

where @ o and i f  represent the centroid and the range along each dimeoisibie region
within the zero level set,® o and i A represent the correspondent measurements for the
current landmarks. With normalization, the landmark derivation from LS can be more robust to large
shape updates.

Non-zero levelset%o. can also be considered as the surface to collect the updated landmarks after

LS evolution to adjust the desirable intermediate segmentation in tefms of

3. Methods and Results

3.1. Toy Example
We defined a simulated observation consisting of thremdles in small, medium, and large
sizes on a 256 x 256 image. We used the mediaed triangle as the target of interest sandwiched by the

other two triangles to increase its segmentation difficulty Sgere VI.2a). An equilateral triangle
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centered in the image was created as a shape template, where the radaicofrisxribed circlavas 20
voxels. A 2D affine transformation modé&y with a rotational €, two translational B }p and
two scaling components (b Jowas constructed as
i AT-©0 | OEF 0 ®
Y | OEF | AT-O o @ (6.11)
T T p
All components were drawn from Gaussian distributions to generate randomized observations.

Specifically, = =~ mfv degrees0 &~ Tt voxels, 6 %~ it voxels,i & i i@ , and

-

i ® i ® , wherei was assigned as 1, 2, and 3 fthe small, medium, and large triangles,
respectively, as the base scale. The vaisé intensities over the small and large triangles were drawn
from™ 1 fp T while those over the background and the medium triangle were fragnfp 1@ The
datasets of auoy example include 100 randomly generated observations.

A leaveoneout crossvalidation (LOOCV) scheme was used to validate the segmentation results
of ASM and AASM. For each target observation, 99 other observations were used as training datasets.
For each training data, 33 landmarks were evenly sampled on each side of the triangle (99 in total around

the triangle). The active shape model was trained with 98% of the total variances, while the local

appearance model was trained at 2 levels with amsittegradient profile of 3 pixels collected along

@ raw image training datasets ASM segmentation () Dice Similarity Coe.fficient across 100 Cross-VaIida.ted Observations
0.95p T
1 gt 0.90p %
0.85p S
0.80
N ) 0.75p I

ground truth probability map AASM segmentation 070l I
0.65p I
0.60p |
0.55p
0.50 J- 2

ASM AASM

Figure VI.2. Results of a toy example. (a) Qualitative comparison between ASM and AASM
segmentation on an individual observation. (b) Quantitative comparison between ASM and

AASM segmentation in DSC across 100 crosalidated observations.
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each side the normal directions of each landmark (7 pixels in total) at each level. During testing, both
ASM and AASM were initialized by the mean model shape at the center of the image. In each dération
the landmark update, the local search range was 6 pixels along each side of the normal direction. The
shape updates were regularized within +3 standard derivations of the Eigenvalues over 100 iterations at 2
levels. For enabling AASM, a probability mams simulated by smoothing the ground truth by applying
a 21 x 21 Gaussian kernel with a standard deviation of 5 voxels. 5 iterations of LS evolution were
performed based on the simulated probability map with time step, evolution coefficient, and
smodhnessfactor setting a€).01, 100000, and @00QL, respectivelyduring each iteration of landmark
update. The landmark positions were normalized based on the region within zero level set before
determining the landmark movement based on the LS evolution.

Given the global optimization from the probability map, AASM was able to capture the correct
boundary of the target shape, i.e., the medium triangle. Outlier segmentations in ASM were corrected in

AASM based the DSC performances across 100 observalimnsd VI.2b).

3.2. Abdominal Wall

3.2.1.Data

Under institutional review board (IRB) supervision, abdominal CT data on 250 cancer patients
were acquired clinicht in anonymous formThese patients represent part of an overall effort to evaluate
abdominal wall hernia disease in the cancer resection populdfiopatients were randomly selected,
where we used 20 as training datasets, and the other 20 for tagoggs. The field of views (FOV) of
the selected 40 scans range from 335 x 335 x 399tmB0D0 x 500 x 708 minwith various resolutions
(0.98 x 0.98 x 5 mAr 0.65 x 0.65 x 2.5 mfh Various numbers (78 ~ 236) of axial slices with same in
plane dimension (512 x 512) were found.

All 40 scans were labeled using the Medical Image Processing And Visualization (NI1B&Y
software by an experienced undergraduate based on our previously published labeling [Bdjocol
Following [35], essential biomarkers, i.e., xiphoid process (XP), pubic symphysis (PS), and umbilicus
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(UB), were identified, and the abdominal walls were delineated on axial slices spacgd e&m with

some amendments (contour closure required here). 177 and 184 axial slices were obtained with whole
abdominal wall labeled for the training and testing datasets, respectively. Here we characterize the whole
abdominal wall structure as enclodey the outer and inner surface, bounded by XP an@3B|SThis

definition covers thoracic, abdominal, and pelvic regions, and includes not only the musculature, but also
the kidneys, aorta, inferior vena cava, lungs, and some related bony structures to make the inner and outer

boundaries anatorratly reasonable.

3.2.2.Pre-processing

Given the large variations of appearance in abdominal wall and its surrounding anatomical
structures along the cranighudal direction, the proposed stizese segmentation was trained and tested
on five exclusive classe$vgn the position of the axial slices with respect to XP, PS, and UB. These three
biomarkers were acquired from manual labeling for the training sets, while estimated using random forest
for the testing sets. We used 10 random scans from the trainingtadataaracterize the centroid
coordinates of the biomarkers with lorenge feature boxes followir[d87], and yielded the estimated
biomarkers positions on the testing data with a mean distance error of 14.43 mm. Four bounding position
were empirically defined among the vertical position of the three biomarkers to evenly distribute the
available training data (25, 35, 50, 31, 36 slices for each class, ordered from bottom to top). Given a target
testing volume, each axial slice betwéela estimated positions of XP and PS was extracted, and assigned
a class based on the estimated bounding positions. In this experiment, we only tested on the 184 slices
with manual labels.

All slices (training and testing) were centered in the image after body extraction and background
removal to reduce variations. A body mask can be obtained by separating the backgrouchesitts
clustering, and then filling holes in the largest remajnipnnected component. A margin of 50 pixels
was padded to each side of the slices in case that the body was in contact with the original slice boundary,

which made the slice size 612 x 612.
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3.2.3.Training

On each training slice, landmarks were collected atbegouter and inner wall contours using
marching squares. The horizontal and vertical middle lines of the slice were used to divide each closed
contour into four consistent segments across all slices assuming all patients were facing toward the same
direcion in the scan. 53 correspondent landmarks were then acquired on each of the segments via linear
interpolation (212 for each of outer and inner wall). Each set of the landmarks was first centered to the
origin, and then sets of landmarks from the samsscleere used to construct one active shape model
covering 98% of the total variances. The local appearance model was trained at 3 levels; at each level, an
intensity gradient profile of 5 pixels was collected along each side the normal directions einemchrk

(11 pixels in total).

3.2.4.Testing
For each testing slice, all training slices from the same class were considered as atlases, and non

rigidly registered to it using NiftyRepL88. The registered atlases were combined by joint label fusion

Figure VI.3. Qualitative comparison of ASM, MALF, and AASM segmentation of abdominal
wall. (a) - (e) demonstrate slices in five exclusive classes on one subject. gheen arrows indicate

segmentation outliers including speckles, holes, ovwsegmentation, and label leaking problems.
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Table VI.1. Abdominal wall segmentation metrics

Method DSC MSD (mm) HD (mm)
ASM 0.74 +0.15 9.70 + 6.56 48.84 £ 17.52
MALF 0.89 + 0.07 4.63 +2.40 46.03 £ 14.41
AASM 0.86 + 0.09 4.77 +2.69 33.8£15.09

(JLF)[134 to yield an probabilistic estimation of the abdominal wall. Default parameters were used for
both. Within each iteration of landmark update, a reffiaged LS evolution with 5 iterations using CV
algorithm was used to drive the landianovement based on the global probabilistic estimafitie.

time step, evolution coefficient, and smamtksfactor and was set to 0.01, 100000, and 0.1, respectively
The local search range for the landmark update was 8 pixels along each side of #iedimection. The

shape updates were regularized within +3 standard derivations of the Eigenvalues. We allowed 100

iterations for 3 levels of shape updates.

3.2.5.Customized Configuration

In this study, a twghase scheme was used to improve the robustneglsobdé abdominal wall
segmentation. The proposed approach was first applied to only the outer wall. Initialized by the position
of the outer wall segmentation, our approach was then applied to the combination of the outer and inner
wall, while the outer wallandmark positions were fixed during the second phase shape updates. Active
shape model and local appearance model were thus trained on (1) outer wall, and (2) outer and inner wall.
The level set evolution for the second phase only considered the regfisin the outer wall

segmentation obtained in the first phase.

3.2.6.Fat Measurement
Following [32], the fat tissue was obtained by using a-stage fuzzyc means. For each slice,
the subcutaneous fat wasnsidered as outside the outer surface of the abdominal wall, while the visceral

fat as inside the inner surface.
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Table VI.2. Abdominal Fat measurement errors

Method Ds (CmB) Dv (cm3) ls v Ir R% R2 R%
ASM 28.02 + 36.52 £ 0.92 | 080 | 0.69 | 0.85 | 0.64 | 0.47
AASM 16.72 + 15.38 + 094 | 096 | 0.87 | 0.88 | 0.93 | 0.76

Note that D indicates the absolute difference between the area derived fromntlaaual label and the
NB LINE a S y diisithe iR§gGare tvafule diZ :

linear regression. The subscripts s, v, and r represent subcutaneous fat, visceral fat, and the ratio of visce

SadAyYlriSR

to subataneous fat, respectively.

3.2.7.Results

a83vySyidlirzys

The segmentation results were validated against the manual labels on 184 testing slices using

Dice similarity coefficient(DSC), mean surface distance (MSD), and Hausdorff distance (HD) with

comparison to results using ASM and MALF individually. Qualitatively, AASM presented the most

robust result, while MALF has speckles and holes in the segmentations, or leak into thaabckrity

where structures with similar intensities to muscles were present. ASM was sensitive to initialization, and

could be trapped into local minimurRigure VI.3). Quantitatively, large decreases in HD were observed

when using AASM without undermining the DSC performantable VI.1). More importantly, the

nature of ASM kept the topology of the abdominal wall, and enabled the compartmental fat measurement;

MALF failed to do so even though it presented the best DSC pmfare. The absolute differences in

subcutaneous and visceral measure using our augmented ASM against the measurement using manual

labels were largely reduced comparing to traditional ASMb(e VI.2). In terms ofth e

Pear sonds

correlation coefficient and quared value between the estimatmad manual measuremenif

subcutaneous fat, visceral fat, and the ratio of visceral to subcutaneous fat, AASiistiated

consistensuperiority over ASMTable VI .2).

3.3. Spinal Cord

3.3.1.Data

With IRB approval, two batches of MR volumes of cervical spinal cord (SC) were acquired as

training and testing datasets. The training datasets consisted of 67 scans of healthy controls, each
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approximatelycovering a FOV of 224 x 224 x 90 mvith 30 axial slices at a nominal resolution of 0.44
x 0.44 x 3 mm The testing datasets included 28 scans, each approximately covering a FOV of 150 x 150
X 65 mn? with 10 ~ 14 axial slices at a nominal resolution of 0.65 x 0.65 x & mewonstructed to an-in
plane resolution of 0.29 x 0.29 MnBoth datasetaere acquired axially on a 3T Philips Achieva scanner
(Philips MedicalSystems, Best, The Netherlands), veh€2*-weighted volumes were obtained using a
high-resolution multiecho gradient echo (MFFE) sequetzerovide good contrast between the white
matter (WM) and gray matter (GM)L89. All scans generally covered the region from tfét@ 5"
cervical vertebrae, anthé center of the imagelume was aligned to the space between thargl 4"
cervicalvertebrae Thein-plane dimensions for axial slices raddeom 512 x 512 to 576 x %717 of the
28 testing subjects were diagnosed withltiple sclerosis (MS)Local and diffuse inflammatory lesions
were presented for MS patientgoughout the cervical cord white matteith similar appearance to GM
in mFFE image$19Q.

The 66gold standar db66 ma n uatasets.IFarlbaeH slice, twe lalels,c o n s t
i.e., WM and GM., were consideredhe labeling process was performed usmiPAV [153 by an
experienced rater on a collection of 1538 slices with reasonable contrast (not all slices due to image
artifacts) in the training datasets, while using FSLVi@®1] by another experienced rater on all 364

slices in the testing datasets; both raters were familiar with MR images of the cervical SC.

3.3.2.Pre-processing

Here we integratd AASM into the slicavise spinal cord segmentation framework 192 with
some essential modification.

A common region of interest (ROI) with the size of 91x77 was created using the 1538 co
registered training slices given the extent of the manual spinal cord labels. All testing slices were
transferred into this space beé the segmentation.

A volumewise initialization was first performed using® convolution. Consider the averaged

image of the testing volume along the crac@lidal axis a8, the average image of all cropped training
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image slices a8, a 5 x 5 matw with all entry values as 1/25, the highest response poithe @f z 6 was
identified as the approximate centroid of spinal cord for the testing volume, and considered as the starting
point for the following slicavise registration.

The slicewise registation followed[192. Briefly, an active appearance model was creasug
the cropped training images to capture the modes of variations of the spinal cord appearance within the
ROI. A target slice was projected to the lownensional model space. It was then registered using a
modetspecific cost function given the difences in intensities and model parameters between the
currentestimate andhe closest cropped training imagé&se registration searched at 5 levels (coarse to
fine) over the three degrees of freedom (DoF), i.e., two translatitrgd énd+80 mm alongx and y
axes, respectivelyand one rotational componert1(0°). At each level, the registration was optimized
using line search on each DoF, followed by Nelead simplex method on all DoFs.

After registration, 30 cropped training images closest to the target image in the model space were
selected. These images were used asatgetspecific training sets for building ASM, as well as the

atlases for MALF in the following process. Note given our proposed stb&smd approach, we
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Figure VI .4. Qualitative comparison of ASM, MALF, and AASM segmentation of spinal cord. (a)
- (e) demonstrate slices at five different locations (from bottom to top) on one subject. (f)
illustrates the 3-D surface renderings of the segmaad GM (left) and WM (right) colored in the

surface distance error towards the corresponding manual segmentations.
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converted the segmentation problem of WM and GM as to extract the surface of the whole SC and GM.

3.3.3.Training

Using marching squares, landmarks along the contours of manually labeled SC and GM were
extracted. The correspondent landmarks of SC were acquired using the same way as the abdominal wall
(212 in total). For GM, six key points along were firstritited (two as the tips of the posterior horn, and
four as the valley points on the left, right, anterior, and posterior side), each of the six segments in
between was then evenly resampled with 32 landmarks (192 in total). Active shape models co%ering 99
of the total variances, and local appearance models using intensity gradient profiles of 2 pixels (5 pixels in

total) were built for both structures.

3.3.4.Testing

For each target slice, a MALF process similar to that of the abdominal wall segmentation above
was performed. The probability map of GM was generated by normalizing the GM label probability,
while that of SC was normalized the sum of WM and GM label probability. For both structures, 10
iterations of LS evolution were performed within masked reg{targer than zero probability) to drive
the landmark updates towards the +3 levelHeat. time step, evolution coefficient, and smaatbsfactor
and was set to 0.01, 10QQhd 00001, respectivelyThe active shape searching range was 3 pixels along
eat side of the normal direction. The shape updates were constrained within £0.5 and +1 standard
derivations of the Eigenvalues for SC and GM, respectively over 100 iterations at a single level.

After the SC and GM were segmented, WM was derived as tlhenrby excluding GM from

SC. The WM and GM labels were then transferred back to the original target space.

3.3.5.Results
The segmentation results were validated against the manual labels on the 28 testing volumes
using DSC, MSD, and HD with comparison to réswising ASM and MALF individually. MALF failed

to preserve the GM shape. ASM could fall into local minimums and generated outliers that not matched
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Figure VI.5. Quantitative comparison of ASM, MALF, and AASM segmentation of spinal cord in
terms of DSC, MSD and HD. Note that additional zoomedh boxplots are generated for MSD
and HD to compare the results in a limitel range. The yellow diamond marks indicate the subject

demonstrated inFigure VI .4.

with the underlying structures. AASM captured the shape of WM and GM more robustly even with the
presence folesions Figure VI.4a-4€), and yielded WM and GM surfaces smoothly along the whole
volume with less surface distance erréiigire VI.4f). Quantitatively across 28 subjects, AASM
significantly o < 0.005 in cases using singkl t-tests) increased the mean DSC value by1,0.0
decreased the mean MSD by 0.11 mm, and decreased the mean HD by 1.43 mm comparing to the best

case of ASM and MALFKigure VI1.5).

3.4. Parameter Sensitivity

3.4.1.Experimental Design
Here we revisited the toy example presented above to examine the parameter sensitivity of our
proposed method. Using the same 100 observations, the performances of ASM and AASM were
evaluated given the change on the following cases one at a time. Notdl thtkiier parameters

remained as the baseline configuration in section 3.1 if not changed.
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(1) The mean shape model was initialized with an offdd ¢ + 10 voxels along both x and y axes)
to the centroid of the image.

(2) The local search range was set taga from 2 to 40 voxels along each side of the normal
direction of the landmarks. Note the local appearance model was trained the intensity gradient
profile length from 1 to 20 voxels correspondently along each side of the normal direction of the
landmarks

(3) The probability map was derived from the ground truth by applying a Gaussian smoothing kernel
with the standard deviation ranging from 1 to 20 voxels. Note the size of the kernel on each
dimension was parameterized as 4 times the standard deviationl.plh®te that ASM
configuration stayed as baseline.

3.4.2.Results

The average DSC and MSD performances for ASM and AASM across the 100 observations were
collected for each specific parameter settirigire V1.6). ASM was very sensitive when the model was
not initialized appropriately, while AASM demonstrated its robustness given various initializations. When

the local search range was larger than 16 voxels, ASM had more chances to fall into local minimum, and
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Figure VI.6. Parameter sensitivity tests to compare ASM and AASM on the toy example. DSC
and MSD are collected given three sets of varying pameters: (a) the initialized mean shape
position with respect to the ground truth along x and y directions, (b) the length of the local
search range, and (c) the standard deviation (std.) of the Gaussian kernel applied on the ground

truth, based on which te probability map used by AASM is generated (no change on ASM).
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thus presented catastrophic performances, while AASM remained stable given its property of global
optimization. Maximum difference of 0.05 in DSC and 0.09 mm in MSD were observed across the tested
range of the smoothness of the probability map for AASM, witensistent superiority were presented

over ASM.

4. Discussion and Conclusion

In this study, we proposed an automatic framework (AASM) that coherently integrates three
modern image segmentation techniques including ASM, MALF, and LS. Great synergies wete fo
within this framework, where (1) ASM and MALF used the same training datasets to generate statistical
models, and probabilistic atlases, respectively, (2) LS using the CV speed function can be directly applied
to the probability map generated from MAL#&nd (3) the regiobased LS evolution extends the range of
correspondent landmark search of ASM. Using AASM, challenging segmentation problems can be
benefitted from the shape regularization and topology preservation of ASM, contextual robustness of
MALF, and global optimization of regidmsed LS. On 20 abdominal CT scans, we presented the first
automatic segmentation approach to extract the outer and inner surfaces of the whole abdominal wall
covering thoracic, abdominal, and pelvic regipnand thus esbled subcutaneous and visceral fat
measurement with high correlation to the measurement derived from manual segmentation. On 28 3T MR
scans of cervical SC, we demonstrated robust WM and GM segmentation with the presence of MS
lesions. It is worth to notéhat with minor posprocessing ( smoothing), our SC segmentation
approach improved the start-the-art method 192 by 25% in DSC on the same datasets. We see huge
opportunities to adapt the proposed method to other anatomical structures in medical images, whose
complexity cannot be easily handled by ASM, MALF, or L&wdually.

AASM has many parameters to configure as it combines three image segmentation techniques.
While universally ideal configuration can be hardly found, robustness can be achieved for individual
applications with empirical parameter settings, eisfigdhe balance between the length of local search

range and the number of LS evolution. For example, the LS evolution should dominate the shape updates
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if the local contexts around the structure are ambiguous (see the spinal cord applicatiomhewhiiee
shape search is preferred if the local appearances are uniquely identifiable (see the abdominal wall
application). In any cases, the structural shapes are properly regularized within the proposed framework.
On both clinical datasets, the largeriations were observed over the secondary structures than
the structure of interest, i.e., the abdominal wall and spinal cord, along the-ceardal direction. In
addition, slices at different locations presented various shapes, appearances, arsl thetefore, we
performed slicavise AASM segmentation by using targgtecific statistical shape and appearance
models to capture the desirable variations. The tametific selection of the training datasets has a
substantial impact on ASM and MALFna thus the overall performance of AASM. Investigation in the
classification system for clustering similar datasets can be beneficial for further improvement. On the
other hand, the -B AASM implementation substantially simplifies the assignment of coorefgmt
landmarks across the training datasets. FheeXtension of AASM framework is straightforward, while
the landmark correspondences need to be properly hafitldd193. Another perspective of fute

work can focus on muHiegion.
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PART 3

ABDOMINAL ORGANS

In this part, we concentrate on the automatic segmentation abdominal organs including (1) spleen,
(2) right kidney, (3) left kidney, (4) gallbladder, (5) esophagus, (6) liver, (7) stomach, (8) aorta, (9)
inferior vena cava, (10portal and splenic vein, (11) pancreas, (12) right adrenal gland, and (13) left
adrenal gland. We mainly use a Aoarametric segmentation approach, i.e., railas label fusion,
because of its relatively stronger robustness compared to other methaislomen, we consider the
image registrations errors as the main challenge for faldts spleen segmentation caused by the huge
variations among the clinically acquired abdominal CT scans, and propose to relieve the problem from the
following perspective. Specifically, we first focus on spleen, and use the shape constraint to regularize
the spleen segmentation with alegetbased acti ve shape model |, wher e
adapted spleen shape are suppresShdpter VII). Then, we proposthat appropriate atlas selection
before the label fusion process can significantly reduce the impact a@bhost registrations, where the
learned knowledge on target context and the intermediate fusion results are used to select the best possible
atlasedor fusion. Integrated with the context learned atlas selection, a generieattagtiramework is
established for robust segmentation of multiple abdominal or@zrespfer VIl ). Next, we evaluate the
clinical efficacy of our automatic segmentation. Bpgline combining computeassisted segmentation
and manual outlier correction is proved more robust and efficient for spleen volume estimation than
traditional clinical approaches on a longitudinal datasi#tapter IX). Registrations are extensively
invedigated given its importance for atthased segmentation. Through over 100,000 hours of CPU time
for validating six methods on abdominal organ registrations across 100 datasets, we provide
recommendation for registration users and suggest directiongdistration developerChapter X).
Random forest technique for organ localization is investigated and integrated with theatiasilti
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segmentation framework. Orgavise multiatlas labeling performed on the localized region of interest

provides consistenmprovement in segmentation performandésgpter XI).
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CHAPTER VII

SHAPECONSTRAINED MULTATLAS SEGMENTATION BSPLEEN IN CT

1. Introduction

Automated pleen segmentation on clinical CT data & challenging problemdue to the
complidgty and the variability ofabdominal anatomycross populationgviulti-atlas segmentation is a
potential approach that can provide robust segmentatidimepleen. Voting (e.g., majority vote (MV
[13]), locally weighted vote (LWV133)) and statistical fusion (e.g., STAPLE25) algorithms have
been developed to improvke efficacy ofcombing potentially conflicting labels from multipstlases
However, registratiors of abdominal CT images are problematigiven largescale difference in
abdominal anatomy and similar intensities between orgdresatlas labels with prdematic registrations
may misalign with the target structure, and/or include various redundant structures, and thus substantially
undermine the fusion results even when additional intensity information is consiBigrec (V11 .1).

We posit that the integration of shape information into the label fusion framework can provide
more accurate fusion in cases of problematic registrations between atlaggmidntiages. Although
extensively usedpoint-based shape moddhave practicallimitations as theyequire manuaannotation
of corresponding landmarks. Alternatively, an implicit shape mddéaB-115 has been used to
characterize shape variations by gbwise high dimensional signed distance function (SDF), where each
volume with its all voxels (instead of several landmarks) is considered as a single observation for the
shape training. The implicit shape model has been successfully applied to sonzetie@miroaches of
anatomical structures to constrain the shape of the segmerjtitignHerein, we propose a mubtlas

segmentation framewotkatintegrates the implicit shape model to regularize the fusion results.
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Target Image Registered Labels

Figure VIl .1. Challenges of atladhased spleen segmentation. (A) The intensity image of the
target. (B) The manually labeled ground truth of the target. (C)i (F) The atlas labels registered
to the target space. (G)The fusion estimate by majority vote. (H) The fusion estimate by locally
weighted vote.

2. Methods and Results

2.1. Spleen Localization

In our previous spleen approach, we used a regression method, i.e., regression forests region
recognition (RFRR194), to localize the spleen region with a bounding box and demonstrated that multi
atlas segmentation of spleen provides better estinmatbeoreduced region of interest. In this study, all
intensity and label images referred below were cropped in terms of the identified bounding boxes. Here

we omit the mechanism of RFRR for brevity.
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2.2. PoseFree Implicit Shape Model
All atlas label images are -tegistered into the same space with 7 degrees of freedom (DOF).

The binary labels are transformed into high dimensional SDF to implicitly represent the shape of spleen,
and then collected in an 0 observation matri®, whereM is the number of observations, and N is

the number of voxels. A Principle Component Analysis (PCA) procedure is used to extract the variability
of spleen shape, where the mean shgjgethe voxelwise average across observations,

B 0
5

and the modes of variation are provided imgslar value decompositiofsVD) on the covariance of the

(7.1)

-

. N - = d 77 \)cps > Sad
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Figure VIl .2. Posefree implicit parametric shape model. The shape model is represented by

signed distance function (SDF) of each voxel over the whole volunhe region within the zero
level set (highlighted in blue)is considered as the binary shape representatiolThe second row
illustrates the mean and the first four modes of variation of the shape moderThe first and the

third row present the specificshapes parameterized by the square root of the eigenvalues.
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centered observation matrix,

WY 03 6 B o6 B (7.2)
wheret is a diagonbmatrix with its diagonal values as the eigenvaluesind”Ydenotes an eigenspace
with each column as an eigenvector, i.e., one mode of vartgtioassociated with the corresponding
eigenvalue_ (Figure VII .2). The value of the eigenvalue indicates the dominance of its associated mode
of variation, while the modes with relatively small eigenvalues are usually ignored due to their limited
variances provided.

Given the implicit shape model, a specific shape can be then characterized by the combination of

the modes of variations on the basis of the mean shape,

BkBo B 1 B (7.3)

wherg denotes the shape parameter associated with its mode of variation.

2.3. Shape-Constrained Multi -Atlas Segmentation Framework

2.3.1.Initial Estimation
We initialize with a regular fusion of the registered atlas labels via locally weighted vote (LWV).
In particular, we define the weight on vos@etween théJOregistered atlas imag¥ and the target

image"Yin terms of intensity similarity ina ¢ o neighborhoodn),

B Y Y
v A@b (7.4)

where, is a parameter that controls the-weighting degree in terms of the local dissimilarity.
Comparing to MV, LWV tends to capture a more complete spleen volume even though some regions are

not covered by the majority of atlas labels.

2.3.2.Shape Registration
The posdree implicit shape model is then tsdarmed into the target space based on the

registration betweethe binary image of the mean shapwithat of thecurrentsegmentation. We found
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Figure VIl .3. Flowchart of the proposed methodThe atlas labels are caegistered to construct a
posefree implicit parametric shape model, including the mean and the modes of variation of the
spleen shape. The atlas images aregistered to the target image, based on which the atlas labels
are propagated to the target space. Thdocally weighted vote yields the initial fusion result of the
registered atlas labels weighted by the locaintensity similarity between the registered atlas
images and the target image in the form of a fuzzy estimate of labplobability and a binary
estimate of spleen segmentation. The binary image of the mean shape from the grenstructed
spleen shape model ieegistered to that of the current estimate with two distincteffectiveranges,
i.e., (1) the wholevolume of both image and (2) the mean shape region, of the similarity metric of
registration so that the posefree shape model is transformed into the target space. The current
estimate of the spleen is then projected to the two registered shape models. The shapgections
are converted intoprobabilistic priors to adjust the label probability from locally weighted vote,
and then generate a new estimate of the spleen. The estimate can be refined with iterative
adjustment.
that a single registration on binary images iscpeally errorprone due the existence of massive
missing/redundant structures. Therefore, we apply registations between these binary images with

two distinct effective ranges, i.e., (1) the whole volume of both image and (2) the mean shape region, of

the similarity metric of registratigrso that the two sets of registered mean shapes tend to capture the
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outer and inner boundary of the current estimate, respectively. The registrations use normalized

correlation criterion as the similarity metric withDOF.

2.3.3.Shape Projection

The segmentations can then be projected to the registered shape model based on the mean shape
registration which effectively constrains the estimate within the shape model. In particular, based on each
set of two registrations, thposefree shape model is transformeto the target spaceThe current

estimate of the spleen is converted into SDF,§.e,,and projected ttwo registered shape models

o YB B (7.5)

whereo is the projected shape parameter, which is then used to reconstruct the projected shape,

E Yo & (7.6)

In implementation, we restrict the absolute value of projected shape parametemadanger

than thesquare root of its corresponding eigenvalue to preserve a reasonable reconstructed spleen shape.

2.3.4.ShapeProbability Conversion
The output of the shape projection can be considered as the representation of how far voxels are
inside/outside the projected spteshape, which can be converted into a shape prior of how likely the

voxels represent the spleen via an exponential function,

0 AgB kK (7.7)
where] indicates the steepness of the conversion from SDF to probability.
2.3.5.lterative Refinement
The shape probabilistic priors, along withe label probabilityprovided byLWV, are used to
generag a new estimate of tlepleen, andnefusionestimate can be refined with iterative adjustment

Please refer teigure VII .3 to the detailed flowchart of the proposed framework.
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Table VII .1. Error metrics via different fusion methods.

Metrics MV LWV ProposedM ethod
DSC 0.694.17 0.7740.13 0.834.08
MSD (mm) 8.0146.12 7.4947.66 3.48+1.88
HD (mm) 33.81#9.00 45.88+27.84 22.6748.23

2.4. Data and Validation

Under an mstitutional review boardvaiver, 25 portal venous phase conteishanced CT
abdomen scans were randomlyested from a larger ongoing colorectal cancer chemotherapy trial.
Images were approximately 512 x 512 x 152 with a resolution of 0.7 x 0.7 x 3.0 mm. Scans with poor
contrast bolus timing (i.e. not portal venous phase) or aberrant patient positionirexaladed, leaving
20 scans for analysis. Spleens were manually labeled by an experienced radiologist on a volumetric basis
using the MIPAV software (NIH, Bethesda, M53). All intensity and label images were cropped in
terms of the bounding boxesound the localized spleen region as described in section 2.1

All subjects are processed in a leareeout cross validation framework. Comparing to a
baseline LWV method, our proposed shapastrainedmethod achievessignificantly higher Dice
similarity coefficient (DSC[146])) (Y T8t 4 18 ), significantly lower symmetrianean surface
distance (MSD) ¥ 18t @ aff) w8t P, and significantly lower symmetric Hausdorff surface
distance (HD)Y ¢ & @ affy 18t p (Table VIl .1) verified by Wilcoxon signed rank test®©ur

shapeconstrained method presents a substantial effect in correcting the spleer-ginageVll .4).

3. Discussion

Spleen segmentation in CT images via mailas segmentation can be detrimentally impacted by
problematic registrations between atlases and target images. While tHeegoiseplicit shape model is
not difficult to construct, challenges lie in the modstimate alignment and shapebability
conversion. We used two sets of registrations wigtinct effective range®f similarity metric between
the fusion estimate and the mean €hap shape model to provide the inner and outer boundary of the

spleen shape to compensate for timeertainty of the correct pose alignment. We project the fusion
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Figure VII .4. Fusion resultsby locally weighted vote and the proposed shapeonstrained method

on 20 subjects.The results of the two methods are placed sidey-side for each subject for
comparison. Thebackground rendering provides a rekrence of thesurrounding anatomy (ribs,
kidney, etc.). The rendering of the spleen segmentation is colored in terms of the surface distance
from the estimate to the ground truth. Note that we ussymmetric (the average of bidirectional)
surface distance as the error metrics for validation in Table 1, but the oneway surface distance

here for ease ovisualization.

estimate to the registered shape model, which yields finer matchup with the fusion estideatshape
constraint. The projected shape represented in SDF is converted into the shape probabilistic prior through
an exponential function, and thus regularizes the fusion estbyatieape informatian

We note the poskee implicit shape model can be built upon the atlas labels for label
propagation with no additional data required. This gmés opportunities to combine the proposed
framework with the statef-art label fusion methods (e.d199) to yield shapeonstrained fusion
estimate. In addition, the usage of the shape information, beyoimipke probabilistic prior, requires

further study
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CHAPTER VIII

EFFICIENT MULTIATLAS ABDOMINAL SEGHENTATION ON CLINICALY ACQUIRED CT

WITH SIMPLE CONTEXTEARNING

1. Introduction

The human abdomen is an essential, yet complex body space. Computed tomography (CT) scans
are routinely obtained for the diagnosis and prognosis of abdogtead disease. Automated
segmentation of abdominal anaty may improve patient care by decreasing or eliminating the
subjectivity inherent in traditional qualitative assessment. In {stgée clinical studies, efficient
segmentation of multiple abdominal organs can also be used for biomarker screening,rswigjagon,
and data mining.

Atlas-based segmentation provides a genpuapose approach to segment target images by
transferring information from canonical atlases via registration. When adapting to abdomen, the variable
abdominal anatomy between iwigiuals (e.g., weight, stature, age, disease status) and within individuals
(e.g., pose, respiratory cycle, clothing) can lead to substantial registration Eigargg VIII.1, VIII.2 ).

Previous abdominal segmentation approaches have used single jstibailases constructed by-co
registering atlases to characterize the spatial variations of abdominal ptgais]; statistical shape
models[23, 196 and / or graph theorid®4, 27] have been integrated to refine the segpaon using
probabilistic atlases. Multtlas segmentation (MAS), on the other hand, is a technique that has been
proven effective and robust in neuroimaging by registering multiple atlases to the target image separately,
and combining voxelvise obserations among the registered labels through label fUj4i8g. Recently,

Wolz et al. applied MAS to the abdomen using locally weighted sufpacific atlas[28]; yet the

segmentation accuracies were inconsistent. We posit that the efficiency of atlas selection for abdominal
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Organs of Interest Registration Examples
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Figure VIII .1. Twelve organs of interest (left) and registration examples of variable qualities for
one target i mage (right). Note that the HfAgoc¢
selected regardng the organwise correspondence after the atlas labels were propagated to the

target image.

MAS requires further exploration in the context of substantial registration errors, especially on clinically

acquired CT.

The selective and iterative method for performance level estimgltif (SIMPLE) algorithm

raised effective atlas selection criteria based on the Dice similarity coeffidie# overlap with

intermediate votingpased fusion result, and addressed extensive variation in prostate anatomy to reduce

the impact of outlier atlases. [d2], we generalized a SIMPLE theoretical framework to account for

exogenous information through Bayesian pribreeferred to as context learning; the newly presented

model selected atlases more effectively for segmenting spleens in metastatic liver ctianes. ga

further integration with joint label fusion (JUR34]) addressed the label determination by reducing the

correlated errors among the selected atlases, and yielded a median DSC of 0.93 for spleen segmentation.
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Figure VIII .2. Organ-wise examples of variations after nofrigid registrations. For each panel,
the target manual segmentation is on the left, the 30 registered labels are semansparently

overlaid on the right.

Herein, we prpose an efficient approach for segmenting 12 abdominal organs of infegese (
VIl .1) in 75 metastatic liver cancer patients and 25 ventral hg@atiants on clinically acquired CT.
Based on the rderived SIMPLE framework42], we construct context priors, select atlases, and fuse
estimated segmentation using JLF for each organ individually, and combine the fusion estimates of all
organs into a regularized mutirgan segmentation using graph daoO1] (Figure VI .3). The
segmentation performances are validated with other MAS approaches, including majority vote (MV),
SIMPLE, JLF, and the Wolz approachhis work is an extension of previous theoretif4é®] and
empirical [43] conference papers and presents new analyses of algorithm performance and parameter

sensitivity.
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Figure VII 1.3. Flowchart of the proposed method. Given registered atlases with variable qualities,
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Learned Priors

atlas selection and statistical fusion are considered as two necessary steps to obtain a reasonable
fusion estimate of the target segmentain. The SIMPLE algorithm implicitly combines these two
steps to fusion selected atlases; however, more information can be incorporated to improve the
atlas segmentation, and a more advanced fusion technique can be used after the atlases are
selected. We popose to (1) extract a probabilistic prior of the target segmentation by context
learning to regularize the atlas selection in SIMPLE for each organ, (2) use Joint Label Fusion to
obtain the probabilistic fusion estimate while characterizing the correlatd errors among the

selected orgarspecific atlases, and render the final segmentation for all organs via graph cut.

2. Theory
We reformulate the SIMPLE algorithm from the perspective of Expectdlarimization (EM)
while focusing on the atlas selection step. Is frincipled likelihood model, the Bayesian prior learning

from context features (e.g., intensity, gradient) is considered as exogenous information to regularize the

atlas selection.

2.1. Statistical SIMPLE Model
Consider a collection 6¥ registered atlasewith label decisionsy™ 4, whereG is the
number of voxels in each registered atlas,=and Tipf8 f) p represents the label setetd:n | |

Where-|| T[Fp) indicatesthe atlas selectiordecision i.e., 0T ignored, and I selected. Lebe the
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index of voxels, andbf registered atlases. We propose a-lwoear rater modek— s , that

considers the two atlas selection decisions. Let the ignored atlases be no better than random chance, and

the selected atlases be slightly ioa@te with error factofs™ ,where N 1h— . Thus

— pﬁ!i N— f ., (8.2)

5

c
o

where each elemea-  represents the probability that the registered &dserves labdl given the
true label id and the atlas selection decisiorcisvith an error factor if selected,i i.e.,— Kk
QO i Y ihb &h

Following [129, letsF N A , wherew  representsthe probability that the true label

associated with voxé&is labeli at theE iteration.Using Bayesiarexpansiorandconditionalinter-atlas

independencehe Estep can be derived as

QY i BQO Y ihw eh
B QY i B'QO Y iR &h (8-2)
where"Q"Y i is a voxelwise a priori distribution of the underlying segmentation. Note that the
selected atlases contributestoin a similar way agjlobally weighted vot@iven the symmetric form of
— asin the original SIMPLE.
In the Mrstep, the estimation of the parameters isioletd by maximizing the expected value of

the conditional log likelihoofunctionfound in Eq. 2. For the error factor,

f AJCA@ 01 10 "Yo h spfd A
o . (8.3)
AdCA @ o 1= k O
qd
Consider the binary segmentation for simplicity,Get B4 w 0 By ® ,0
By ® ,0 By ® , and- 0 0 ,0 0 0 . After taking partial

derivative of0 ,
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0 L 0
T 5 o aEP T 5o (8.9)
Then for the atlaselectiondecision
& AGCAG Ol fQ0 "V s
AOCAQ o I+ 8 (85)

qd

Given the intermediate truth estimabe , & can be maximized by evaluatingah0/1 atlas

selection separately. Note the selecting/ignoring behavior in Eq. 5 is parameterized with the error factor

T , and thus affected by the four summed values of True Positive (TP), False Positive (FP), False
Negative (FN), and True NegativeNT as in Eq. 4. Typical practice for a fusion approach might use the

prior probability,"Q"Y i , to weight by expected volume of structure. With outlier atlases, one could
reasonablye x pe ct a much | arger r egi of3gpthan rue mrfatorsidgalo n (i
volume. Hence, an informed prior would greatly deemphasize the TN and yield a metric similar to DSC.
Therefore, we argue that SIMPLE is legitimately viewed as a statistical fusion algoh#tmist

approximately optimal for the ndinear rater model proposed in Eq. 1.

2.2. Context Learning

Different classes of tissues in CT images can be characterized withdimétisional Gaussian

mi xtur e model s using i ntensit g voelvide bagsa lete Va | ficor

A represent & dimensional feature vectod, N I indicate the tissue membership, whére
pfB F) is the set of possible tissues, and typically, a superset of the label types,f.€., The
probability of the observedeéitures given the tissue typedisan be represented with the mixturejof

Gaussian distributions,

Qo 0 |—'Q(br‘]§o H F o H (8.6)
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where| N g ,H Na ,and g N 1A are the unknown mixture probability, mean, and
covariance matrix to estimate for each Gaussiarturéxcomponentof each tissue typeby the EM
algorithm following [107]. This context model can be trained from datasets with known tissue
separations.

The tissudikelihoodson an unknown dataset can be inferred by Bayesian expansion and can use

a flat tissue membership probability from extracted feature vectors.

"Qowt 0Q4d 0O Qodt O
B Qozm 6 Q4 O B Qog 0o (8.7)

Q4 o
Consider a desired labelas one tissue typg and thusQ'Y i k Qa oo , the Bayesian prior

leaming fromcontext featureserves taegularizethe intermediate fusion estimate in Eq. 3, and hémee

atlas selection

3. Methods and Results

3.1. Data

Under Institutional Review Board (IRB) supervision, the fisgsion of abdomen CT scans of 75
metastatic Wer cancer patients were randomly selected from an ongoing colorectal cancer chemotherapy
trial, and an additional 25 retrospective scans were acquired clinically froropparsitive patients with
suspected ventral hernias. The 100 scans were captured gorial venous contrast phase with variable
volume sizes (512 x 512 x 33 ~ 512 x 512 x 158) and field of views (approx. 300 x 300 x 25050
X 500 x 700 mr¥). The inplane resolution varies from 0.54 x 0.54 frim 0.98 x 0.98 mM while the
slice thickness ranges from 1.5 mm to 7.0 mm. Twelve abdominal organs were manually labeled by two
experienced undergraduate students, and verified by a radiologist on a volumetric basis using the MIPAV
software (NIH, Bethesda, MPL53). All images and labels were cropped along the creaialal ais

with a tight border without excluding liver, spleen, and kidneys before any processing (foll@@jing
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3.2. General Implementation

We usedl0 subjects to traicontext models fot5tissue types, includingvelve manually traced
organsand three automatically regved tissues (i.e., muscle, fat, and other) using intensity clustering and
excluding the traced organ regions. Six context features were extracted, including intensity, gradient, and
local variance, and three spatial coordinates with respect to a $amglmark, which was loosely
identified as the midrontal point of the lung at the plane with the largest esesdional lung area (see
rendering inFigure VIII .8). We specified the number of components of Gaussian mixture niodel,
0. For each organ, the foreground and backgroikedihoods were learned from the context models
based on the context features on target images, andassadwefold spatial prior to regularize the
organwise SIMPLE atlas selection. We constrained the number of selected atlases as no less than five
and no larger than ten.

When using JLF on the selected atlases for each organ, we specifiedahsearh radi (in
voxel) aso o o, the local patch radii (in voxel) @ ¢ ¢, and set the intensitgifferencemapping
parameter, and the regularization term as 2 and 0.1, respeiieglgefault parameters)

Following [28, 143, we regularied the final segmentation with graph ¢GBC). The GC problem

is solved by maximizing the following MRBased energy function

on _ 0n wp A (8.8)

Ny h N
where’andQare voxel indices) represents the labeling of the final segmentation for iMagiée data

term’O 1 characterize the probability of vox€hssigned to the labgl; we define it as a combination

of the probabilistic fusion estimate from JLith the intensity likelihoods using-Id context learning

The smoothness term: 1) penalizes th discontinuities between the voxel pa#iQ in the
specified neighborhood systéem we define it as a combination of the intensity appearance with local
boundary information_is a coefficient that weights the data term over the smoothnessvterset it as

3.3 Note that we only applie®C smoothing to large organs (i.e., spleen, kidneys, liver, stomach), and

kept the JLF results for themainingorganstructures
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For the direct JLF approach, the same parameters were used as above, excepidbat it
conducted for all organs simultaneously. For the Wolz approackepte30 atlasefor the global atlas
selection, adjusted the exponential decay for the organ level weighting to support 10 atlases, [[2Howed
for voxelwise weighting by notocal meas, and used the same GC scheme as applied to our proposed
method.

Note that we used the JUE34] method in the Advanced Normalization Tools (ANTE97, all
other algorithms, i.e., M\[124], SIMPLE [127], the Wolz approacii28], and GC[101, 143, were
implemented based on the corresponding literature, and run onbié @2-core Ubuntu Linux

workstation with 48G RAM.

3.3. Motivating Simulation

3.3.1.Experimental Setup

A simulation on 2D CT slices was constructed to demonstrate and motivate the benefits of
SIMPLE context learning for atlas selection and label fusion Fipare VIII .4). Forty CT scans were
randomly selected from the 90 subjects not usedcontext learning. A representative slice with the
presences of all three organs, i.e., spleen, left kidney, and liver, was extracted from each scan, and
considered as a target image. A hundred simulated observations were estimated by applying a random
transformation model to each target slice, and considered as the atlases with different degrees of
registration errors for segmenting the target.

The simulation model involved an affine followed by a #igid transformation. The affine
transformationconsisted of a rotational component as well as two translational and two scaling
components, with the effect of each component drawn from amzeam Gaussian distribution with
standard deviations of 2 degrees for the rotational compdhent) for the traslational components and
0.2 mm for the scaling componentshe nonrigid transformation used a deformation field created by
sextic Chebyshev polynomials. The Chebyshev coefficients for each grid location were randomly
generated from a standard normal rildsition, on the top of which, two additional factors to control the
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Figure VIII 4. (top left) Target slices and the associated manual labels. (middle left) Simulated
observations drawn from an individual target slice with a randomly generated transformation
model. (top right) The mean DSC (over 40 target slices and three organs) values evaluated for six
label fusion approaches using different numbers (from 15 to 100) of atlases. (bottom right)
Organ-wise DSC performances for the fusion results using 40 simulated atlases. (bottom left)
Fusion estimates using 40 simulated atlases overlaid on a representative target slice, and
annotated with the mean DSC value over the organs.

deformation effect on each dimension were drawn from amean Gaussian distribution with standard
deviations of 3 mm. Voxekise Gaussian random noise (with a standard deviation oHbO@sfield
units) was added to the simulated intensity images.

Six MAS methods, i.e., MV, SIMEE, JLF, CLSIMPLE, CLSIMPLEJLF, and the Wolz
approach were applied to 40 target slices using different numbers of atlases (from 15 to 100, with a step
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size of 5), and then evaluated based on the DSC values of spleen, left kidney, and liver. Note that (1)
CLSIMPLE used MV, while CLSIMPLEJLF used JLF for label fusion after atlas selection; (2) We did
not append GC to smooth the results of CLSIMPLEJLF and the Wolz approach since no surface distance
error was assessed in this simulation. (3) The Wolz appraaehused the simulated atlases for all three

stages of subjedpecific atlas construction given no other intermediate registered atlases.

3.3.2.Results

Under the tests using various numbers of atlases, CLSIMPLE, CLSIMPLEJLF, and the Wolz
approach demonstratertsistently and substantially more accurate segmentations than MV, SIMPLE, and
JLF. CLSIMPLEJLF and the Wolz approach yield similar accuracies when using larger than 70 atlases
(p-value < 0.05, pairetitest), while CLSIMPLEJLF performs better with leslasgs available.

Using 40 atlases, the spread of DSC values demonstrate significant improvement by
incorporating context learning. CLSIMPLE achieves a median DSC improvement of 0.26 and 0.15 over
MV and SIMPLE, respectively, while CLSIMPLEJLF outperfordisk by 0.19. CLSIMPLEJLF also
provides the least range of DSC values, and thus indicates its robustness to the outlfeseAtative
fusion resulrepresentshat CLSIMPLEJLF accurately capturém shape, location, and orientation of the

spleen left kidney, and liver

3.4. Volumetric Multi -Organ Multi -Atlas Segmentation

3.4.1.Experimental Setup
Ten of the 100 subjects were randomly seleetedraining datasets for context learn{tigese
ten subjects happen to be all within the 75 liver cancer databeisjhe segmentations were validated on
the remaining 90 subjects. From the same cohort, forty subjects were randomly selected (independent
from the ten selections for context learning) as the atlases for validating five MAS approaches, including

MV, SIMPLE, JLF, the Wolz approach, and our proposed method (CLSIMPLEJLFGC), on the
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Figure VIII .5. Boxplot comparison among five tested methods for 12 organs.

segmentation of twelve abdominal organs against the manual labels using DSC, mean surface distance
(MSD), and Hausdorff distance (HD).

The five approaches shared a common raté#tge registration procedure for each of the 90 target
images (excluding the 10 context learning), where all atlases (except the target if it was selected in the set
of atlases) were aligned to the target in thdeorof rigid, affine and a multevel nonrigid registration
using freeform deformations with Bpline control point spacings of 20, 10, and 5@%5]. In summary,

(1) the 10 context learning datasets were never used as targets (but they were alloweddeseaaith
(2) an atlas image was never used as its own target. Randomization of selecting context learning datasets

and atlas images was performed to maximize the available data subject to these constraints.
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