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ABSTRACT

The National Library of Medicine’ s Visible Human Projed isadigital image
library containing full color anatomicd, CT and MR images representing an adult male
and female. Segmentation d the Visible Human datasets off ers many additionsto the
original goal of athreedimensional representation d a cmputer generated anatomicd
model of the human body. This paper presents an automatic segmentation algorithm
called the Medicd Image Segmentation Technique, MIST, which is based ona seeded
region growing approadh. The technique repeaedly extrads anatomicd regions of
interest from two-dimensional cross £dionimages to creae threedimensional
visuali zations of these anatomicd organs, bores andtisaues. Resulting segmentations of
thistechnique ae compared with existing segmentation algorithms. This method poves
to produce better whaole organ and tissue segmentations than existing algorithms.

INDEX WORDS: Image segmentation, Anatomica feaure extradion, Seeded region
growing
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CHAPTER 1
INTRODUCTION

The most common images used in medicine ae the CT and MR images. X-ray
computed tomography (CT, or CAT for computer asssted tomography) involves an X-
ray source and a detedor positioned on oppaite sides of a patient. The equipment is
arranged in such a way that the X-ray bean can be rotated abou one ais while the
patient is translated parallel to that axis. In this way, X-ray images of ead sedion are
digitally recmrded from many angles. Subsequently, algorithms derived from a
mathematica procedure cdled tomography are gplied to recmnstruct a threedimensional
matrix of values representing the X-ray transmisgon poperties in the volume occupied
by the speamen [19].

Magnetic-resonance imaging (MRI) is an imaging technique used primarily in
medicd settings to produce high quality images of the inside of the human bod/. A MRI
is smilar to CT, bu it does not use X-rays. Instead, a strong, magnetic field is used to
affed the orientation d protons, which behave like miniature magnets and tend to align
themselves with the externa field.

Anatomica images are dso used in the medicd domain. The National Library of
Medicine€'s (NLM) Visible Human Projed ® (VHP) is the aedaion d complete,
anatomicdly detailed, threedimensiona representations of the norma male and female

human bodes. The male calaver was sdioned at 1-millimeter intervals, the female



cadaver at .33-millimeter intervals. The anatomicad images in this dataset are full color
24-bit crosssedion images that show the detail of the human body [1].

The dataset includes digitized phdographic images from crosssedioning, digital
images derived from computerized tomography (CT) and dgital magnetic resonance
(MR) images of human cadavers. The male dataset consists of 1,871 cross ®dions for
ead mode, anatomicd and CT, while the female dataset consists of 5,189 anatomicd
images. Both the male and female datasets contain axial images of the entire body in the
anatomicd and CT mode; the MR mode antains axial images of the head and reck areas
and longitudinal sedions of the rest of the body obtained at 4mm intervals[1].

To date, reseachers from al over the world have used the dataset for medicd
diagnostic and treament applicaions, as well as for educaional purposes for students of
al ages [1,7]. Image segmentation and anatomicd fedure extradion is a widely
reseached arearelated to the use of the dataset.
1.10bjedive of Thesis

One of the most important problems in image processng and analysisis segmentation
[12, 13,17]. Thisthesis presents a new segmentation method cdled the Medicd Image
Segmentation Tedhnique (MIST), used to extrad an anatomicd objed of interest from a
stack of sequentia full color, two-dimensional medicd images from the Visible Human
dataset. We use the segmented regions from ead image to adchieve our objedive of
forming a threedimensional visual representation d the objed of interest. The quality of
the visudization o the 3D structure is highly dependant on the success of the

segmentation algorithm used to extrad the objed from the 2D images. Therefore, while



3D visudlization is our ultimate goal, it canna be atieved withou strong emphasis on
addressng the issue of image segmentation.
1.20rganization of Thesis

Chapter 2 discusss related work in the aeaof segmentation applicaions to the
Visible Human Projed. Traditional segmentation methods and aher existing
segmentation agorithms that have been applied to the VHP dataset are reviewed in
Chapter 3. The problems assciated applying these methods to the VHP' s anatomicd
images are dso dscussd. The experiments $ow that these segmentation algorithms are
nat good enowgh for the goals of our applicaion. A new segmentation technique,
Medicd Image Segmentation Tedhnique (MIST), is introduwced in Chapter 4. A
comprehensive methoddogy of this technique is presented. Chapter 5 dsplays the
results of MIST as well as a comparison to cther segmentation techniques. The
experiments in this wdion show that MIST is more dfedive in prodwing three
dimensional representations of anatomicad objeds over other segmentation methods
considered in Chapter 3. Conclusions and future refinements for our work are presented

in Chapter 6.



CHAPTER 2
PREVIOUS WORK

Reseach in medicd informatics concentrates primarily on integrating computer
tedindogy into the pradice of medicine to improve dl areas of the field from educaion
to dagnosis and treament [6]. The Visible Human Projed at the NLM is designed to
serve & a mwmmon referencefor the study of human anatomy, as a set of common puldic
domain data for testing medicd imaging algorithms, and as a test bed and model for the
construction d image libraries that can be accesd through networks [1]. Currently, the
dataset is being applied to a wide range of educaional, diagnostic, treagment planning,
virtual redity, artistic, mathematicd and induwstria. Many browsers and aher
applicaions have been designed to display the images of the Visible Human Dataset.

The NPAC Visible Human Viewer [22] developed at Syraause University, was
the first online viewer developed for visualizing the VHP dataset. This Java gplet
allows users to seled and vew two-dimensional images of the human bod/ from 3
different angles. There have been many enhancements to the viewer since its debut in
1995.

The National Library of Medicine has also contributed to the development of
image browsers for the dataset. The AnatQuest projed is a web based interface for
viewing the Visible Human anatomicd dlices, as well as rendered anatomicd organs[23].
Users have the aility to browse images through an adjustable size viewing areg

downloading portions of the image to the browser as needed. AnatLine is a prototype



system consisting of an orline, java based database and image browser. AnatLine dlows
users to dovnload anatomicdly labeled slices from the thorax region d the Male dataset.
Images used in AnatQuest and AnatLine ae scanned from 70mm color phaographs of
the male calaver. At the time of its development the thorax region was the only labeled
areaof the dataset.

Reseachers at the Swiss Federal Institute of Tedindogy in Lausanne,
Switzerland have developed many applicaions for viewing the images in the Visible
Human dataset. The Visible Human Slice Sequence Animation Web Server is a web-
based service for extrading slices, curved surfaces and slice aimations from the Visible
Human dataset [20]. The goplication also all ows users to construct 3D anatomicd scenes
using combinations of dices from the dataset and 3 models of internal structures, and
extrad 3D animations.

The red-time interadive visible human navigator was also developed at the Swiss
Federa Institute of Tecdhndogy [21]. This applicaion has the adility to extrad arbitrarily
oriented and paitioned slices from the Visible Human detaset in red-time. A continuows
sequence of dlicesis displayed in red-time in response to navigation commands from the
user.

Papers addressng the spedfic problem of segmentation in medicd imaging
include an automated 3D region growing algorithm proposed by Chantal Revol-Muller et
a [2]. This method, applied to 3D MR images of human bore samples, is used to
diagnose osteopaosis.  The region growing algorithm uses a homogeneity threshold that

incresses from a very small value to a large value for eady inpu image. The



segmentations are evaluated to determine the optima homogeneity value and proves to
be more succesdul than ather automatic and manual thresholding methodks.

A semi-automated segmentation method poposed by C. Imelinska € al. [6, 27,
repeaedly divides an inpu image into regions using Vorona diagrams. The dgorithm
classfies the regions of anatomicd tissues based on classficaion statistics. This work
was the first attempt at outlining fine anatomicd structuresin color medicd images.

To crede a threedimensional model of the human bod/, reseaches at the
University of Geneva developed the Comprehensive Human Animation Resource Model
(CHARM) [24]. The CHARM projed is an attempt at providing a structured and
dynamic model of the body in contrast to the unstructured and static data provided by the
Visible Human dataset. Two-dimensional contours are segmented from anatomicd and
CT images to form 3D surfaces of the upper left limb. CHARM includes a labeling todl
for identifying eat organ of interest in the 2D images.

The Visible Human projed has also led to the aedion d similar projeds as the
Visible Embryo and the Visible Anima Projed. The Visible Embryo Projea [25],
officialy cdled the Human Embryology Digital Library and Collaboratory Suppat Tod,
is a mllaborative dfort by the Nationa Library of Medicine©s Communicaions
Engineaing Branch, the Human Developmental Anatomy Center at the National
Museum of Hedth and Medicine and the National Institute of Child and Human
Development that consists of 10,000 hman embryos gpanning the 23 stages of embryo
development. Similar to ore of the goals of the Visible Human Projed, the enphasis of
this projed is to provide data from this colledion o biomedicad information to

reseachers and students over the World Wide Web.



The Visible Animal Projed [26] is made up d anatomicd, CT and MR images of
a mature dog. For the first time a omplete high-resolution threedimensional database of
a dog is avalable, which can be used as the base for further high quality three

dimensiona recmnstructions.



CHAPTER 3
SEGMENTATION TECHNIQUES

3.1Introduction

Segmentation is one of the most important techniques for image processng [15].
The purpose of segmentation is to partition an image into dstinct, semanticdly
meaningful entities by defining boundries between fedures and oljeds in an image
based on some constraint, or homogeneity predicae. Spedficdly, the segmentation
problem is defined as sufficiently partitioning an image into nonoverlapping regions.
Segmentation can therefore be formally defined as foll ows:

If Fisthe set of all pixdsandP() isa hanogeneity predicate defined on

groups of conreded pixds, then segmentationisa patitioning d the set F

into aset of conneded subsetsor regions (S, S, ..., §) such that:

US =F with S| S, =4 itj.

i=1
The homogeneity predicate P(S) = truefor all regions (S) and

P(S U S§)=false, when Sisadjacent to § [18].

Homogeneity predicaes are usually based onimage intensity, color, texture, etc.
According to Harlick and Shapiro [3], image segmentation can be dassfied into these
caegories. spatia clustering, split and merge schemes, and region growing schemes.

3.2 Spatial Clustering
Haralick and Shapiro [3] present that the difference between clustering and

segmentation is that in image segmentation, grouping is dore in the spatial domain of the



image, while dustering is dore in measurement space It isaso possble for clustering to
result in owerlapping regions, while that is not the cae for segmentation results.
Clustering and spatial segmentation can be cwmbined to form spatial clustering, which
combine histogram techniques with spatial li nkage techniques for better results.

3.3 Split and Merge Segmentation

Regions in an image ae agroup d conneded pixels with similar properties [5].
The split method hkegins with the eitire image, and repeaedly splits eat segment into
guarters if the homogeneity criterion is nat satisfied. These splits can sometimes divide
portions of one objed. The merge methodjoins adjacent segments of the same objed.

In intensity based segmentation, the boundxries that separate regions may need to
be redefined due to undr- or over-segmentation d regions. Split and merge
segmentation can also hande this task. Under-segmented regions are wrreded by adding
boundiries to, o splitting, certain regions that contain parts of different objeds. Over-
segmented regions are @rreded by eliminating false boundries and merging adjacent
regionsif they belong to the same objed or feaure.
3.4Region Growing

The focus of the remainder of this thesis will be with this classof segmentation.
Region growing has dhown to be avery useful and efficient segmentation technique in
image processng [5, 15]. Region growing in its sSmplest sense is the processof joining
neighbaing paints into larger regions [16] based on some @ndtion a seledion d a
threshold value. Seeded region growing starts with ore or more seed pants and then
grows the region to form a larger region satisfying some homogeneity constraint. The

homogeneity of a region can be dependent upon any charaderistic of the region in the



image: texture, color or average intensity. One spedfic gpproacd to region growing is
described in the next sedion.
3.5A Comparable Segmentation Approach

Newman et a. [7, 9 discuss a method for volumetric segmentation wsed for a
system designed for diagnosis and surgicd planning in medicd images. The
segmentation results produced by this technique will be compared with the results from
our tedhnique in chapter 5.
3.5.1Definitions

Before discussng the dgorithm, afew terms neeal to be defined:
Definition ' A voxd is the 3D unit for a pixel in a 2D image. We will use the terms
interchangealy throughou this report. Region growing, defined ealier, and vdume
growing will also be used interchangeably, as volume growing is the 3D version d 2D
region growing.
Definition 2 Dilation is defined as the union d all vedor additions of all pixels ain
objed A with al pixels b in the structuring function B. Thus, AA B :{tT Z%: t=a+bh,
al Aandbl B }, wherethe vedor t is an element of the image spaceZ” and a+b isthe

trandation d aby b[11].

Definition 3 Erosion is defined as the complement of the resulting dilation d the
complement of objedt A with structuring element B. Thus, A* B = (A° A B)® ={t1 z?:

t+bi A forevery bl B }[11].

1C



3.5.2Newman’salgorithm

Given a user-seleded sead vaxel (pixel) V within a structure of interest, the
agorithm grows an olged using volumetric region growing. The dgorithm computes the
median vaxel value M in a three-dimensional 3x3x3 pixel window abou V as the seal
value for volume growing. The value and locaion d M is used as the adua seel for
region growing to improve robustness The median of the window is used to eliminate
the problem where the seledion d the seed vaxd is corrupted by noise. The 3x3x3
window includes voxelsin image slices above and below the aurrent image slice

Voxels whaose intensity values are within t units of the median window value M
are said to be apart of the region. The static value for the parameter, t, is automaticdly
chosen from a database based onthe type of tissue to be extraded (bores, organs, internal
organ structures, and tumors and cysts). Since tisaues of the same types tend to exhibit
homogeneous values, Newman, et. a was able to seled permanent thresholds for ead
tisue.
3.5.3Morphological Refinement

After volume growing, Newman's agorithm uses morphdogy operations to
improve the initial coarse segmentation resulting from the procedure described in the
previous edion.

Binary dilation d an oljed increases its geometricd area by setting the
badkground pxels adjacent to an oljed’s contour to the objeds intensity value. Binary
erosion d an oljed reduces its geometricd areaby setting the contour pixels of an ojed

to the badground \dlue [11]. Erosion followed by dilation with the same structuring
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element will remove dl of the pixels in regions that are too small to contain the
structuring element, and it will | eave therest. This operationisreferred to as closing.

Newman's algorithm performs a 3D close operation followed by a single dilation
on the region produced by the initial coarse segmentation. The dose operation removes
isolated interior voxels that are initially present in the region. The single dilation is used
to expand the region boundry. Morphdogicd refinement reduces the gaps and hdes that
arevisiblein initia segmentations. The dgorithm steps are shown in Figure 2.1.
3.5.4Results

This method poduces ome problematic segmentations. A number of gaps and
holes are present in the segmented structures even after they were dtered with
morphdogicd operations. In addition, [7] reported that the segmented region could
beame disconneded through the dosing and dlation morphdogicd operators. For our
applicaion, a better segmentation with fewer gaps and hdes is desired. A more

sophisticaed segmentation technique is required to achieve our goals.
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Volume_Grow();

Let W be the set of dataset voxels and t be a threshold on
magnitude d ifference

s={x

Choose seed voxel w0 with intensity |wO|.

Determine median intensity | in the window of voxels about wO.
Recursive_Region_Grow(W, S, wo, I, t).

Remove Isolated Interior Voxels; Close.

Expand Region Boundary; Dilate One Voxel.

Recursive_V olume_Grow( W, S, wo, I, t):

S=S+W.
If w | Wadjacenttow o, w | S, and
iflll - |wi|<tthen

Recursive_Region_Grow( W, S,w ;, It ).

Figure 3.1 Volume-Growing Algorithm [7].
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CHAPTER 4
MIST: MEDICAL IMAGE SEGMENTATION TECHNIQUE
4.1 Introduction
In this chapter, we describe an automatic segmentation technique used in the
Medicd Image Segmentation Tod (MIST), and applied to the Visible Human's cross
sedion cata. Figure 4.1 shows how the resulting algorithm extrads regions of organs,
muscles and tisaues from full color two-dimensiona (2D) cross ®dion images of a
frozen cadaver, diceby-dice to creae threedimensional (3D) visualizations of these
anatomicd areas of interest. The segmentation algorithm assumes minimal knowledge
abou the organ or muscle tissue to be extraded. The user supfies the initial seed pixel
that identifies the region d interest. Thisregion d interest is then segmented from a stadk
of sequential 2D cross €dionimages using a seeded region growing approad.
4.2 Initial Approach to MIST
The initial approad to solving the segmentation problem in this applicaion was to
use atedhnique that would produce dosed contours of the anatomicd objeds in the
image. The ideaof a dosed contour smplifies the segmentation process Once the user
identifies the region d interest by supdying a seed pant, whichever contour contained
that paint is identified as the objed of interest. Next, a contour filli ng algorithm would be
used to extrad only this areafrom the rest of the image, using the dosed contour as the

boundry.

14



Stack of color anatomical images

Preprocessed image

Extracted 2D region of
interest

Stack of extracted
regions

3D representation
of region

Figure 4.1 Flowchart of process
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4.2.1Standard Edge Detedion

To use this approadch, we examined a number of standard edge detedors. The
goa was to find the “best” edge detedor for our applicaion. The best edge detedor is
the one that produce a ¢osed contour of one pixel thick edges.

In gradient edge detedion methods, the assumption is that edges are formed by
pixels with a high gradient. A fast rate of change of intensity at some diredion given by
the angle of the gradient vedor is observed at edge pixels. The magnitude of the gradient
indicaes the strength of the edge. All of the edge detedors in the gradient class
approximate the first derivative. A common dsadvantage of these operators is their
failure to provide reliable segmentation dwe to their gradient-based reture. In the
foll owing descriptions, (X,y) represents the pixel locaionin the inpu image.

Roberts Operator
gL 0u O -1
T -d 9T& of
The &ove masks are @nvduted on the original image by computing

GlI[x Y]] =|G, | +|G, [for the Roberts Operator [5], where I[xy] represents the input

image. The mask computes the difference between a pixel and its verticd and haizontal
neighbas at the interpolated pant, [i + % j+ %] . The results of the Roberts Operator are

shown in thefigures at the end d this dion.
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Sobel Operator

The Sobel operator [5] is often used as a detedor of horizontal and verticd edges.

&1 0 1 61 2 1y
_é G _é (
=520 24 y=g0 0 O0f

g1 0 1§ g1 -2 -1

Edge strength or magnitude is derived as:

X2+y? a X[+

andthediredionis derived as:
tan *(y/x)
This operator places an emphasis on pxelsthat are doser to the midde of the masks. The
performance of this operator is shown in figures at the end d this sdion.
Prewitt Operator
The Prewitt operator [5] highlights verticd (convdution x) and haizontal

(convdutiony) boundiries.

&1 1 1u él1 1 1u
_é u _é u
g1 1 19 g1 -1 -1y

This operator is smilar to the Sobel operator with the exception d the emphasis at the
center of the mask. The diredion and edge magnitude image ae obtained using the same
formulas as the Sobel operator.

The compass operators [8, 19 are an dternative gproach to the differentia
gradient edge detedors. This operation estimates the locd edge gradient of the inpu
image. Theinpu image is convdved with a set of 8 convdution kernels, ead of whichis

sensitive to edge in a different orientation. For ead pixel (i,j) , the locd edge gradient

17



magnitude is estimated with the maximum resporse of all 8 kernels at this pixel locaion.
Thefina gradient image G is computed to be:

|G| = max(|Gij|: i=1to 8§
where G; is the resporse of the kernel 1 at the particular pixel position. The result for the
edge magnitude image is 0 determined by the template that matches the locd areaof the

pixel the best. The 8 kernels are shown here using the Prewitt mask, with their respedive

orientations:

é1 1 g é1 1 W é1 1 1u éa 1 1u

é a é u é ua é U

(?-1-2 §-1-21g§1 -2 1@: 21u

gl 1 3§y 1 -1 19el-1-14gg-1-3
0° 45° 90° 13%

91_ 1 -1 91 -1 -1 gl -1 -l@ gl -1 1u

G210 3210 &2 1) f1-2 4

g 1 -1y & 1 1y €1 1 1g g1 1 1
180° 228 270 31%

The results of this operator are shown in figures at the end d this sdion.
L aplacian Operator

The Lapladan operator [5, 19 approximates the second derivative, which gives
the gradient magnitude, or diredion.

One disadvantage of the Lapladan operator is that it can produce thick edges in
an image. This edge detedor typicdly has two dfferent masks, ore for 4-neighbarhoods

and ore for 8-neighbarhoods, bah shown below:

18



For 4-neighbarhoods:

© 1 0y
12 u
N—gl-4 1@

g0 1 0y

For 8-neighbarhoods:

e 1 1
NZ:A-813
g€ 1 1

Laplacian of Gaussan

The Lapladan of Gausgan (LoG) [5, 13 is considered to be the optimal standard
edge detedor. This is because it performs a Gaussan smocthing on the image before
applying the Lapladan edge detedor. The mask is convduted on the image for optimal
results. The mnvdution mask of aLoG operator is.

. g +y - 520 -1
Nohxy) =g 25— = [5].

(] -quo:

The Multi-scde Lapladan of Gausdan procedure performs better than edge
detedion based onimage filtering with a single scde. Single scde alge detedors may
result in the over- or under-detedion d edges when images are @rrupted by noise, which
leads to incorred edge detedion.

This procedure is also knovn as Berghdm's edge focusing algorithm. The
guiding principle in this processis to deted significant edges at a large scde. This will
suppress the noisy edges, howvever significant edges will be dislocated. The procedure
tradks sgnificant edges for successvely lower scdes. If the dhange in scdeis lessthan

Y, then the alges are not displaced by more than ore pixel between successve scdes.
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For the first iteration d the LoG operator on an inpu image, edges are to be deteded at a
high scde. Then for successvely lower scdes edges are deteded ony where they were
detected at the previous de and the edge's 8-pixel neighbarhood. Thisis dore becaise
the edges will not be displacel by more than ore pixel.
Canny Operator
The Canny operator [5, 13 closely approximates the operator that optimizes the
product of signal-to-noise ratio and locdization. Let Ji,j] be the result of convdving the
inpu image, 1[i,j], with agaussan smoathing filter given by:
i, j1=Gli, j,s]* i, j]

The gradient of Ji,j] is computed to produce two arrays P[i,j] and Q[i,j] for the x andy
partial derivatives:

Pli, j1» (Si,j+1- i, j]+Ji+1 j+1- Ji+1j])/2

Qli, jI» (Hi,j]- Si+L j]+ i, j+1- Ji+1j+1)/2

The magnitude and aientation d the gradient can be computed from:

M[i, j1=+/Pli, I +Qli, j]* and gfi, j]=arctan@li, j], Pli, j])

respedively.
4.2.2 Resultsof the Standard Edge Detedors

The performance of the standard edge detedors is displayed in this sdion.
Figure 4.2 shows an arigina image taken from the thorax region d the male dataset used
to test the performance of the standard edge detedors. Figure 4.3a-h show the
performance of the Roberts, Sobel, Prewitt, compass Lapladan, Lapladan of Gaussan
and Canny operators on the images shown in Figure 4.2. Edges were deteded for eat

color comporent and the resulting images were threshalded to oltain an edge map. The
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Roberts operator detects thin edges while kegoing the original detail in the image. The
edges deteded by the Sobel, Prewitt, compass and Canny operators are similar in that
they deted edges on the outside boundiry of the d@damen, bu the more detail ed parts of
the images are nat as distinct. The resulting edge map oltained from performing the LoG
operator on the inpu image acarrately deteds edges along the boundary of the region o
interest. However, these alges are nat guaranteed to be apart of a dosed contour of the
region. The multi-scde LoG operator produces disconreded edges and the alges are not
deteded along the boundhries of the organsin the image.

Our goal of obtaining edges thinner than thase presented in the images in Figure
4.3 could have been adhieved at the st of loss of detail by increasing the threshold
value, so that fewer false alges would be deteded. Additionally, nore of the standard
edge detedors produce dosed contours of our region d the region d interest in the input
image.

Anatomicd images, in general, contain many detail ed aspeds as well as noise. It
is hard to find an edge detedor that will optimally find the edges while removing noise.
In these types of images, a diff erent segmentation methodis needed to analyze aspedfic
areaof interest in the image. The noise and the important aspeds in the image ae not
very distinguishable, even by the human eye.

4.2.3 Non-linear LaplaceAlgorithm

The nonlinea Laplace elge detedor propased by Vliet and Young [11,17, was

also investigated. This algorithm uses a nonlinea Laplace operator and the Marr-

Hildreth model of edge detedion. A flow diagram of the model is presented in Figure 4.4.
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Figure 4.2 Image taken from the thorax region d the male dataset.
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Figure 4.3 The standard edge detedion comparison onthe anatomica thorax image: (A)
edges obtained by Roberts operator, (B) edges obtained by the Sobel operator, (C) edges
obtained by the Prewitt operator; (D) edges obtained by the Compassoperator; (E) edges
obtained by the Canny operator; (F) edges obtained by the Lapladan operator. (G) edges
obtained by LoG operator (sigma = 3); (H) edges obtained by the multi-scde LoG
operator.
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First a smoathing filter is applied to the inpu image. The dgorithm uses a 3x3
Gausgan filter to acoomplish this task. Next, they propase anonlinea Laplaceoperator
in placeof the traditional Laplaceoperator represented by :

NZTOGY) » Lx+Ly) +1(x- Ly) + 1 y+D + 1 (x,y- 1) - 41(xy)

The nonlinea Laplace operator is performed on the smoothed image, |, using the
foll owing equations:
NLLAP(X,y) = gradmax(x,y) + gradmin(x,y)

gradmax(x,y) = MAXn { 1(x,y) } —1(xy)

gradmin(x,y) = MIN, { I(x,y) } —1(X,y)
where MAX,, and MIN, are two simple nonlinea filters, the locd maximum and the
locd minimum filter with an nxn square window as gructuring element.
The next step in the edge detedion algorithm is to use azero crossng detedor to
determine where the Laplacefiltered image dhanges sgn. The pixels are separated into
three regions, pasitive, zero and regative. The zero value pixels are assgned to the
neaest adjacet region wsing two distance transformations. The zero crossng detedor
ensures a maximum displacanent of one pixel. The dosed contours are foundin the zero
crossng image, however this only guarantees good performance when deding with
blurred images where long ramp edges often occur.

An edge strength detedor is ameasure for the stegonessof an edge & any locaion
in the input image. Traditional gradient filters sich as Roberts, Prewitt and Sobel have
the aility to provide alge strength images but perform best when used onimages with

high signal to naseratios[11]. Vliet andY oung use the foll owing definition for an edge
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Figure 4.4. The nonlinea laplace €lge detedionmodel. [11]
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strength image:
| Edge strengtn(X,Y) = min{ gradmax(x,y), -gradmin(x,y) }.
Thisequationis based onamorphdogic edge detedor presented by Leein [14].

Thefinal step in this edge detedion model is to combine the resulting image from
the zero crossng detedor with the alge strength image, using the logicd AND operation,
to get an edge image. Spedficdly, if an edge eists in bah the zero crossng image and
the edge strength image, then it is considered an edge in the resulting edge image. This
edge image represents the likelihood that they belong to an edge in the origina image.
Using an appropriate threshold value produces closed contours in the final edge image.
4.2.4 Discusson

The standard edge operators did na produce sufficient closed contours for the
goals of our technique. The nontlinea Laplace operator is extremely effedive ad
flexible in the detedion d one pixel thick edges, as iown in the resulting image in
Figure 4.5. However, the threshalding required to get the final edge image requires
additional information abou the anatomica fedure to be extraded. Threshdding in itself
is a difficult task withou prior knowledge of information in the image. We determined
that a different segmentation technique would be necessary becaise the production o
closed contoursis very highly dependent on the threshalding value chosen to compute the
final edge map.
4.3Region Growing

Region growing was chaosen for the MIST application to guarantee segmentation
of a dosed contour. The seeded region growing algorithm implemented uses a single

linkage scheme to merge two neighbaring pixels, Pyand Py, whose intensity values
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Figure 4.5 Result of the Non-linea LaplaceOperator onthe imagein Figure 4.2.
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f(Px )and f(Py) are sufficiently close, to form a region d interest within the 2D cross
sedion[3]. Adjacent region pxelswithin a3x3 neighbarhoodare said to be apart of the
region if the @solute value of their differenceis lessthana . We have thosen a to be
the standard deviation d the histogram of the doss ®dion[2]. Thisis represented by the

equation:

1(p)-1(p,)£a

The pseudo code for the region growing algorithm is shown in Figure 4.6. It maintains a
list of cendidate points conneded to the seed pant (x,y), which commences the region
growing. We mnsider eat of candidate pointsin turn. The point, p, is sid to be part of
theregion, R, if it satisfies the homogeneity criterion. The dgorithm grows the region by
adding the neighbars of ead padnt in the region to the set of candidate points and later
considering them. Before we ald the neighbas of a paint, p, to the set of candidate
points, we mark p as arealy procesed to avoid considering it twice The dgorithm
returns an integer representing the aea in pixels, of the region d interest, representing
the number of pixelsin theregion.

4.3.1 Definitions and Notations

I, ,: Setof anatomicd cross ®dionimages

S,, . Set of images containing only segmented regions from crosssedions| |

As : Set of objed sizes, in pixels, representing the aeaof the segmented regions | S

4.3.2Problem One: The Centroid Problem
One magjor concern in region growing is the seledion d seed pixels. To avoid the

necessty of the user choosing aseed pixe for every image slicein the image stack, our
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int Iterative_Region_Growing (seedPoint p)
{

candidatePoints = {}
regionPoints= {}

pa candidatePoints
pa regionPoints

whil e (candidatePoints.size() 1=0)

{
remove first element in candidatePoints and assgn it to p;
if ( p matches the homogeneity criteria) and (p.processed == false)
{
pa regionPoints;
p.processd = true;
for ead neighba (x,y) of p
{
(x,y) a candidatePoints;
}
}
}
return regionPoints.size();

}

Figure 4.6. Pseudocode for the region growing algorithm
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algorithm uses the centroid, o center of mass of the segmented region as the seal pixel
for the next image dlicein the sequence Using the centroid as the seed pixel guarantees
that the sead pant is contained in the user'sregion d interest.

Depending on the texture of the anatomicd region d interest and the seledion o
the sead pixel, a basic region growing algorithm can sometimes produce an erroneous
segmentation. In the next sedion we identify these occurrences and present a suitable
solutionto this problem.
4.3.31dentifying erroneous sgmentations

In Figure 4.7, the liver has been segmented from a aoss ®dion image from the
thorax region d the Visible Human data. Within the segmented contour of the liver,
there ae many darker sub-regions, which are not unusual occurrences in a hedthy liver.
In the image, the centroid of the segmented region is contained in ore of the dark aress.
Using the centroid as the seed pant in this cross dion causes the darker sub-region to
be identified and segmented as the region d interest, instead of the entire aeaof the
liver. Thisis due to the locaion and the intensity of the seed pant, as well as the texture
of the liver. Becaise the seed pixel isin a part of the region that is espedally dark, the
entire liver is not included becaise the intensity values are nat within the range of a , the
threshold used in the region growing algorithm.

The resulting segmentation is enhanced in the aoss ®dion image in Figure 4.8. The
white blob inside the bladk box in Figure 4.8 represents the segmentation result produced
from using the centroid from the previous cross ®dion as the seed pant for this cross
sedion. Our algorithm seaches for the passhble occurrence of this ssgmentation problem

a ead iteration o our region growing algorithm. After ead 2D cross £dionimageis
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Figure4.7: Liver extraded from a2D cross ®dion
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Figure 4.8 Cross ®adion showing false segmentation enhanced in bladk bax in the liver
region.
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segmented, the geometric aeg As’ of the segmented region from cross ®dion |; is

cdculated and compared to the aea AS , of the next crosssedion image's

1

segmentation result. A significant distinction between the parameters As and As

1

indicate that an erroneous ssgmentation hes occurred onthe slice @rrespondng to cross
sedion li+1. More predsely, a significant distinction is defined as at least a 16 percent

deaease from As to As . Empiricd testing has siown that a 16 percent difference

1

produced acceptable re-segmentations, considering the male dataset cross £dions were
taken in an interval of Imm.
4.3.4Re-segmenting the cross £aion with new seed point

To corred this false segmentation, the aoss ®dion is gmented again with a
different seed pdnt resulting in the corred segmentation o the enitire liver shown in
Figure 4.9. In this fdion, we describe the process by which the new seed pant is
chosen.

Our algorithm automaticaly chooses another seed pdnt in the neighbarhood d
the centroid. We first try to find a suitable seed within an mxm neighbarhood d the
centroid. If segmentation from any of these points does not result in a segmented region
with an area dose to the aea of the segmented region that was extraded from the
previous cross ®dion, then ancother sead padnt is chosen from a larger neighbarhood d
the centroid. In ou implementation, m=3 initially, and we epand the neighbarhood
window in ore pixel increments (3x3, 4x4, 55, etc) until we locate asuitable seed pant.

This new seal is used for future segmentations of the remainder of the adoss ®dionsin
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Figure 4.9 Liver region extraded from the re-segmentation from the aoss €dion in
Figure 4.8.
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the sequence If ancther problematic segmentation occurs, the same dgorithm just
described is used to seled anew seal pixdl.
4.3.5 Problem Two: The Adjacency Problem

Another magjor concern in region is the seledion d the homogeneity criterion.
Too small of athreshdd value can leal to the region being under-segmented. Too kg of
a threshdd value can lead to ower-segmentation d the region d interest. The over
segmentation d aregionisreferred to as the adjacency problem in this report. In medicd
images, over-segmentation results in ore or more regions being segmented in addition to
theregion d interest.
4.3.6ldentifying the erroneous sgmentation

The VHP data tell s us that the slices were taken at a Imm interval for the male
dataset and a .33mm interval for the female dataset. Based on this fad, the dgorithm
asumes that the aeaof interest in sicei tends to be ébou the same size & the same aea
of interest in its adjacent slicei+1. If the aeaof aregion d interest has grown to asize
in pxels that is greaer than 168% of the previous sgmentation result, the dlice is
identified as resulting in an erroneous sgmentation. Experimental results have proven
that 16% is areasonable limit. Figure 4.10a shows an image slice, i, from the male thorax
dataset and the left lung region segmented from that slicein Figure 4.10b. Theregionin
Figure 4.10b fas an area of 6,346 pxels and was sgmented with s =7, the standard
deviation d the intensity values in the image. Figure 4.11shows the next image slicein
the sequence, i+ 1, and the segmented lung regionin Figure 4.12. This region hes an area
of 7,418 pxels and was segmented with s =7. Figure 4.12 shows the tissue aljacent to

the lung that was incorredly identified as being part of the region.
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Figure 4.10a: Original image from thorax region

Figure 4.10h Left lung segmented from Figure 4.8a
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Figure 4.11 Next image in sequencefoll owing figure 4.10a
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Figure 4.12 Incorred segmentation d left lung
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Figure 4.13 Segmented lung from Figure 4.12after adjusting threshold value.
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4.3.7Re-segmentation With New Threshold Value

When ower segmentation accurs, it is usualy due to the threshold value of the
homogeneity criterion. In this case when an erroneous ssgmentation accurs, the sliceis
segmented again using a stricter threshad value. The threshald value, s , is deaeased
urtil the resulting segmentation hes an area similar enough to the previous dicés
segmentation. Similar enowgh is defined as lessthan a 16% arealarger than the previous
segmentation. Figure 4.13shows the segmented lung after adjusting the threshold value.
It has an areaof 5,714and was ssgmented with s =5. In Figure 4.13,the ajacent tissue
was not segmented with the lung.
4.4.1mage Post-processng

After the spedfied region is grown, a 2D image is creded consisting of only the
segmented region. The boundary-following operation in Figure 4.14 is then applied to
this image to oltain an ouline of the anatomicd objed of interest [5]. Generating
outlines for segmented contours is a vital phase of image segmentation kecause the 3D
visuali zationis highly dependent on the quality of the 2D extradion [6].

Next, a contour-filling agorithm is applied to the contour. Figure 4.1% is an
image slicefrom the thorax region d the Visible Human dataset. Figure 4.15brepresents
the region d the right arm muscle tisaue that was extraded using our technique. This
result does not contain the white portion d the upper arm bore from the ceater of the
muscle tissue because the bore's intensity values are not within the threshold used in the
region growing algorithm. However, orce the boundry-following and contour filli ng

algorithms are gplied to the initial segmented region, the pixels within the entire region
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of interest have the same intensities as the origina cross ®dion resulting in the image
shown in Figure4.15c.

The user initially chooses the seal for the first 2D cross gdionin the sequence This
is the only human interadion required for processng the aoss ®dions. The centroid of
the resulting segmented region is cdculated and used as the seed pant for the next cross
sedion in the sequence This process is repeded for successve aoss ®dions in
sequence  This seded region growing procedure results in a @lledion d 2D images
containing only the segmented region d interest in ead image. This colledion d
images is joined together using the image processng program, Imagel to form a 3D
surfaceof the anatomica region d interest. Results from this method are presented in the

next chapter and compared to ather segmentation methodks.
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Findthe starting gxd sl Sfor theregion wsing asystematic scan, say from left to
right andfromtopto batom of theimage.
The aurrent pixd in bounday followingis denoted by candthe 4-neighba to the

west of shyb | S. Stc=s.

Let the eght 8-neighba's of ¢ startingwith bin clockwise order be ny, n, ..., ng.
Find n for thefirsti that isin S.

Set c=n;and b= n;;

Repeat steps 3 and 4 ufil c=s.

Figure 4.14 Boundary Foll owing Algorithm
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Figure 4.15. (@) Origina cross ®dion. (b) Segmented right arm muscle before ntour
filling. (c) Fina result of segmented right arm muscle dter applying the boundry-
foll owing and contour filli ng algorithms.
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CHAPTERS
THE EXPERIMENTS ON SEGMENTATION TECHNIQUES

5.1 Introduction

This chapter is dedicaed to presenting the results of the segmentation technique
discussed in chapter 3 aswell as our technique used in MIST, presented in chapter 4.
5.2 Description of Test Images

The 110test images used in the foll owing experiments are taken from the Visible
Human Projed with permisson undr a license between Hamid Arabnia aad The
National Library of Medicine. Full color anatomicd images are from the thorax and
abdamen regions of the Mae dataset. The images are stored as 24-bit 20461214 pxel
RGB imagesin RAW format.

Color images can be separated into color comporents based ona speafic model.
Some of the cmmmon color modes include red, green, Hue (RGB), luminance,
chrominance (YUV) and hue, saturation, intensity (HSI). In this gudy the images are
decompaosed into three parts representing eat of the three @mporents (i.e. red, green,
blue for the RGB color model). Our appli caion resizes the image propationaly to an &
bit 512x302 pxel resolution image. The resolution is reduced so that more image slices
can be kept in memory. The reduction from a 24-bit image to 8-bit image results in
utilizing only the red comporent of the origina RGB image to retain the lor
information, sinceinformation is lost when converting color images to grey-scde images.

We exped to retrieve more detail ed edge information than that retrieved from performing
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operations on grey-scde images. The original 10 test images are shown in Figure 5.1aj.
For eadh of the experiments in this ®dion we dtempt to segment the liver from the
images. Figure 5.2 shows one test image outlining the ided region to be segmented from
al of theimages.
5.3 Reawnstruction Toal

The overall goa of this thesisisto use a1 appropriate segmentation technique to
segment 2D regions to form one 3D objed. The 3D objeds are rendered using the free
sourcetoalkit, ImageJ, using the stack of 2D segmentations asinpu into the gplicaion.
Image] was developed by Wayne Rasband at the Research Services Branch, National
Institute of Mental Hedth in Bethesda, Maryland. In addition to 3D projedions, Imagel
can dsplay, edit, analyze, process save axd pint 8-bit, 16-bit and 32hit images. It can
read many image formats including TIFF, GIF, JPEG, BMP, DICOM, FITS and "raw". It
suppats "staks', a series of images that share asingle window. ImageJ was designed
with an open architedure that provides extensibility via Java plugins that can be written
with its built in editor and Java compil er. User-written plugins make it possble to solve
amost any image processng or analysis problem [4].
5.4 The Experimentsusing Newman, et. a. Tednique

This wdion will provide experiments based on the segmentation algorithm
proposed by Newman, et a., and described in Chapter 4.
5.4.1Implementation Detail s

Several adjustments were made in ou implementation & Newman's algorithm.
First, the median is computed on a two-dimensional 3x3 window instead of a three

dimensional 3x3x3 window as described in their implementation. Also, where they used
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Figure 5.1a: The set of 10 sequential 2D test images used for experiments.
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Figure 5.2 Test image with ided segmentation oulined
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spedfic static values for threshalds in the region growing process depending on the type
of tissie to be segmented, in ou implementation we used a threshold equal to the
standard deviation for ead image in the sequence Lastly, Newman describes a 3D close
morphdogicd operation used in the post processng of the initial segmentations. We use
2D close operation onthe segmentations.
5.4.2Results

Figures 5.3 and 5.4show the results of this technique & described above. Each
image is own in binary and grayscde. The region that is ssgmented is sgnificantly
smaller than the corred segmentation. Due to these results, we dedded to increase the
threshold value used in the region growing algorithm to twice the standard deviation.
This subtle dhange makes a significant difference in the segmentations, shown in the
results in Figures 5.5 and 5.6. The regions segmented are doser in size to the @rred
segmentation.
5.4.3Problems

There ae severa disadvantages of the Newman algorithm. First, thereisan isae
with discontinuity. The post processng tedniques could result in a separation d the
region d interest as s.own in [9]. For our applicaion d the segmentations, we only
want to segment one region d interest from ead image to produce the 3D visuali zation.
If the segmentation results in more than ore region segmented from the image, it would
crege problems in ou final reconstruction. The next problem associated with this
technique is the anount of gaps and hde atifads present in the segmentations. These

issesdonot lead to aredistic 3D visualization d the organ or tisaue, as siownin
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Figure 5.3aj: The results from runnng Newman Segmentation algorithm on the first 5
test images. Each set of images represents the binary and grayscae results.
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Figure 5.4aj: The results from runnng Newman Segmentation agorithm on the
remaining 5 test images. Each set of images representsthe binary and grayscde results.
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Figure 5.5&): The results from runnng the modified Newman segmentation algorithm on
thefirst 5 test images. Each set of images represents the binary and grayscde results.
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Figure 5.6&-j: The results from runnng the modified Newman segmentation algorithm on
the remaining 5 test images. Each set of images represents the binary and grayscde
results.
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Figure 5.7. The next sedion shows how our MIST tedhnique aldresses the problems of
the Newman technique.
5.5The Experimentsusing MIST

This dion is dedicaed to showing how the MIST algorithm evolved into its
fina state. The eperiments condwcted in this sdion wse a sealed region growing
algorithm. The region is grown using the threshald, s , equal to the standard deviation d
ead inpu image in the sequence The ideais to segment the same anatomicd fedure
from eat of the sequential 2D images. To acaomplish this task, the ceter of massof a
segmented region is used as the seed pant for the next image in the sequence These 2D
segmentations are joined together using ImageJ, to creae a3D visualization d the objed
of interest.

5.5.1 Experiment One: Basic Region Growing Algorithm

A basic region growing algorithm is used for the experiments in this sdion. No
additional processng is performed onthe inpu images. Ten sequential test images and
their respedive binary two-dimensional segmentations are shown in Figure 5.8a.

The marse segmentation results presented do na prove sufficient for adequately
visualizing the region d interest. There ae gaps and hdes in the segmentations. This
leads to some of the very small sub regions being segmented as the region d interest,
identified as the centroid problem in Chapter 4. Figure 5.8d, 5.8hand 5.8 resulted in a
small sub-region keing segmented. Also, adjacent tissues are segmented as part of the
objed of interest. We refer to this problem as the adjacency problem. Thisis evident in
Figure 5.8c. These inconsistencies that are present in the 2D segmentations do nd give

the user aredistic model of the objed of interest.
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Figure 5.7. 3D projedion d al 110 test image segmentations using the Newman
agorithm.
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Figure 5.8 Results from running basic region growing algorithm on ten test images.
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5.5.2 Experiment Two: Region Growing with Contour Filli ng

For this st of experimental results, a basic region growing algorithm is used with the
additions of the boundary following and contour filli ng algorithms described in Chapter
4. The ontour filli ng function is performed on resulting segmentations after the region
growing step. The entire region enclosed by the region boundry is considered part of the
segmented region. The mde that addresses the centroid problem was also added for the
experiments in this sedion. The 2D segmentations are show in Figures5.9and 5.10.Each
of the ten test images are shown in binary and grayscde.

This agorithm is proven effedive to significantly reduce the anourt of gaps and
holes that were present in the previous dion's ssgmentations. These inconsistencies are
no longer present in the 2D segmentations in Figures 5.9 and 5.10.The segmentations
produced from this method are more redistic than the segmentations from the previous
sedion. However, the adjacency problem still exists.

Table 5.1 shows the dstatistics for the aea of the segmented regions in
Experiments One and Two. The user supgies the seed pdnt for test image 1 and
successve seal pants are & the locaion o center of massin the previous ssgmented
region. We ae aleto seehow the adition d the mntour filli ng process along with the
code that solves the centroid problem in Experiment Two correds the incorred
segmentations for images 4, 8,and 9. The sizes of the segmentations in Experiment Two
are more @nsistent than those in Experiment One, as denated by the aea ©®lumns in

Table5.1.
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Figure 5.9 Results of the region growing and contour filli ng operations applied to the
first 5 test images. Images are the binary and correspondng grey scdeimage
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Figure 5.10 Results of the region growing and contour filli ng operations applied to the
remaining 5 test images.
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TABLE 5.1 Comparing Areaof segmented regions from Experiments One and Two

Image Sedl Point Area o Sedd Point Area of
Number for Region after for Region after
Experiment Experiment Experiment Experiment
One One, in pixels Two Two, in pixels
1 (198, 160 11,647 (198, 160 12,984
2 (214, 143 11,176 (215, 143 12,315
3 (213,144 11,381 (213, 145 15,675
4 (210, 130 1 (209, 129 12,597
5 (212,145 11,623 (212, 145 12,961
6 (212, 145 11,098 (212, 143 12,383
7 (211, 143 11,415 (213, 143 13,038
8 (211, 143 3 (213, 143 12,966
9 (211, 142 1 (213, 144 12,733
10 (211, 142 10,942 (213, 14) 12,623
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5.5.3 Experiment Threec MIST Algorithm

This st of experimental results are produced by the final MIST algorithm which
tadles the adjacency problem, na addressed by the dgorithms in the previous dions.
The method wsed to corred the segmentations that identified adjacent tissues as part of
the objed of interest is described in detail in Chapter 4. Figures 5.11and 5.12show the
2D segmentations that result from using the MIST algorithm

The resulting 3D reanstruction, shown in Figure 5.13 is the most redistic as
compared to the results from the previous dions. There ae no gaps and hdesin the 2D
segmentations and noadjacent regions are identified as part of theregion d interest.
5.5.4 Experiment Four: Modified MIST Algorithm

Though the segmentations in Figures 5.11and 5.12are the most redistic so far in
our experiments, we reaognized that the boundry could be visualy improved by
applying the same morphdogicd operators as the reseachersin [7,9). While Newman
used a dose operation followed by dilation, we use only a dilation operation. This is
because the dose operation was used in Newman's algorithm to remove isolated interior
pixels, which correspondto the gaps and hdes in the segmentations. Using the boundiry
following agorithm and enclosing the @ntour solves this problem in ou algorithm, so
there is no reaed to use the dose operation in ou implementation. The resulting
segmentations are shown in Figures 5.14 and 5.15. The enhancements are not as
naticedle in the 2D segmentations, bu they are dealy visible in the 3D renstruction
in Figure 5.16.

The modificaions made to the MIST algorithm were needed in order for the 3D

recnstruction, to be asredistic aspossble. In Table 5.2, we seethat these modificaions
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Figure 5.11 Results of the MIST agorithm applied to the first 5 test images.
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Figure5.12 Results of the MIST algorithm onthe remaining 5 test images.
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Figure5.13 3D projedion d al 110test image segmentations using MIST algorithm.
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Figure5.14 Results of the modified MIST agorithm on 5test images.

64



Figure 5.15 Results of modified MIST algorithm on remaining test images
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Figure 5.16 3D projedion d segmentations of 110 test images using modified MIST
agorithm.
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Table 5.2 Areaof segmented regions in Experiments Three and Four

Image Area o Area of
Number Region after | Region after
Experiment Experiment
Three, in Four, in
pixels pixels
1 12,984 13,603
2 12,315 12,866
3 12,466 13,033
4 12,597 13,269
5 12,961 13,662
6 12,383 13,001
7 13,038 13,631
8 12,966 13,589
9 12,733 13,287
10 12,623 13,153
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do nda alter the size of our segmentations by a significant amourt. This ensures us that
the segmentations from the modified MIST algorithm produced segmentations with
consistent sizes as the segmentations resulting from the MIST algorithm in Experiment
Three
5.6Conclusion

The MIST algorithm correds the isaues facal with Newman's agorithm. Region
growing guarantees the segmentation d a wnreded closed contour, whil e the use of the
contour filli ng operation ensures that the segmented region d interest is freeof gaps and
hoe atifacts unlike the segmentations produced by Newman et a. In this chapter we
have presented results from the segmentation results produced by Newman's algorithm as
well asin ead step of our proposed MIST algorithm. Experimental results show that our

MIST method performs better for whole organ and tissue segmentations.
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CHAPTER 6
CONCLUSIONSAND FUTURE WORK

Segmentation d the Visible Human Dataset off ers many additi ons to the original
goa of athreedimensional representation d a computer generated anatomicd model of
the human bod/ and to the genera study of human anatomy. In this paper, we have
presented a new automatic region growing agorithm cdled the Medicd Image
Segmentation Technique (MIST) that improves image segmentation d 2D contours for
the purpose of reconstructing 3D anatomicd structures. It is our first attempt to address
the isaue of segmenting organs, tissue and aher structures from color anatomica images.

Sedaled region growing offers several advantages over conventional segmentation
techniques. Unlike gradient and Lapladan based edge detedion methods, a region found
by region growing is guaranteed to be @nreded and consist of a one pixel thick
boundry, since we only add pxels to the ecterior of our region. MIST addresss the
adjacency problem, therefore the segmented region will never contain too much of
adjacent tisaues, as long as the parameters are defined corredly. In addition, ou
tecdhnique guarantees that he see is contained in the region by addressng what we cdl
the centroid problem, unlike the method presented in [10]. We have compared the results
from MIST with papers attempting to achieve the same goals. In ou experiments, ou
method proved to perform better and produce better 3D visuali zations.

Severa enhancements need to be investigated. Improved 3D visuai zation from

the segmented regions can be atieved by combining the full color anatomicd images
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with the correspondng CT images in the dataset to get a more redistic 3D model of
organs and tissues in the human body. Ancther areaof future work isto combine data
with knavledge and provide semantic meaning to the images, asthe National Library of

Medicineis griving to accomplish.
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APPENDIX
LIST OF PROGRAMS
The filesrelated to the thesis are listed below:
README . Explains the usage of the program fil es.
commandLinelO.java: The dassfile mntaining methods for reading and writing to
standard ouput.
edgedeted.java : The dassfile mntaining the alge detedor operators.
edgeDetedDriver.java: The driver file for the standard edge detedor operators
ImagelO.java : The dassfile mntaining methods for reading and writi ng images.
iterative.java : The dassfile mntaining the region growing agorithms.

MIST _driverjava  : Thedriver filefor the MIST technique.

NLL_driver.java : The driver file for the Nonlinea lapaceoperator.
Point.java : The dassfile defining apixel inaimage.
TS driver.java : Thedriver file for the Newman segmentation technique.
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