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ABSTRACT

A novel genetic algorithm (GA) is presented heia rerforms level set curve evolution
using texture and shape information to automatic#gment the prostate on pelvic
images in computed tomography and magnetic resenaraging modalities. Here, the
segmenting contour is represented as a level setifun. The contours in a typical level
set evolution are deformed by minimizing an endumction using the gradient descent
method. In these methods, the computational contglekcomputing derivatives
increases as the number of terms (needed for ewolation) in the energy function
increase. In contrast, a genetic algorithm optisitbe level-set function without the need
to compute derivatives, thereby making the intraidmcof new curve evolution terms
straightforward. The GA developed here uses theite)of the prostate gland and its
shape derived from manual segmentations to peréoimre evolution. Using these high-
level features makes automatic segmentation pessibl
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INTRODUCTION

Target-volume and organ-at-risk delineation on rm&dmages such as computed
tomography (CT), magnetic resonance imaging (M&iy ultrasound, is a time-
consuming process. In radiation therapy (RT) plagnihe growth of conformal
techniques, intensity-modulated RT with inversenplag, and adaptive four-dimensional
RT has increased the difficulty of organ-delineatiasks. Uncertainty and variability in
the definition of tumor margins can result in sutim@l treatment of some patients. The
development of automated segmentation tools agegfibre, essential but remains a
challenge for several reasons such as the vatiabflorgan shapes and variability of
tissue contrast on medical images. Despite thewariechniques that have been
investigated, most medical image segmentation ilgos are either semi-automatic or
require some form of human intervention to perfaatisfactorily (He et al., 2008;
Mclnerney & Terzopoulos, 1996). This is mainly doghe fact that these algorithms do
not encode the knowledge of the human anatomyatpétysician uses to manually
segment an image. Automatic segmentation can mergashed if the knowledge of
shapes, relative locations, and textures of orgaimeorporated into a single algorithmic
framework.

Level set methods have become very popular inigheé 6f medical image
segmentation due to their ability to represent dyicaor ill-defined boundaries of objects
(Sethian, 1999). In this method, a deformable sedimg curve is associated with an
energy function. However the complexity of the gyelunction increases with the
number of terms, and computing derivatives for aeiring the direction of curve
evolution can become computationally intensive .efgic algorithm simplifies the level
set evolution process by eliminating the energefiom. Instead, it uses a fitness
function that implicitly encodes the energy funatigsed for curve evolution. The genetic
algorithm presented here uses the learned shapexndal properties of a known object
to segment images. Each individual in the GA pdjpartas a vector of parameters of a
level set function. The GA optimizes the parametéthe level set function to produce
fit individuals or good segmentations of the giverage using the information encoded
in its fitness function.

The rest of the chapter is organized as followsfirt a literature review is provided
on the level set method of image segmentation Bpalty emphasizing algorithms
applied to medical images. The new method combilengl sets and genetic algorithms
(LSGA) is then described in detail. A descriptidrttee dataset used and the results
achieved from applying the GA to prostate segmantatre then discussed followed by a
discussion on the significance of the research work

LITERATURE REVIEW

Segmentation is the process of demarcating an tobféaterest on an image. Before
segmentation can be performed properties of thecotjat set it apart from the rest of
the image must be determined. These propertiebeanage pixel-based properties such



as edges, texture, pixel intensity variation inslteobject, or object-level properties
such as shape, size, orientation, or location veitipect to other objects. The pixel-based
features are referred to lasv-level featurebecause they can be inferred using simple
image processing routines on an image. For exaragiges of an image can be derived
using a gradient operator on the image pixel valliee object-level features on the other
hand, are so-calldnigh-level featurebecause they involve an extra step of finding an
appropriate concept to describe a particular feafaor example, “size” of an object can
be determined using the distance between two piaetded in the opposite extremities
of the object or by the diameter of a circle enicigghe object.

Pixel based operations can be used on simple pnsbiéhere the object has a
prominent edge and markedly different pixel intgngalues inside and outside the
object. However such techniques alone are notltdaitar medical image segmentation,
and when used are usually performed semi-autontigtigah considerable manual
intervention. Most medical images have significamiounts of noise and artifacts that
appear during the image acquisition process. Thsgytave low contrast and
broken/diffuse edges around regions of interesis itakes segmentation on medical
images a challenging problem. Therefore, objeceth@pproaches or a combination of
pixel and object-based techniques are often matatde for medical image
segmentation. Segmentation using object level-featunvolves quantifying object
characteristics such as shape, pose, and relaisigqn with respect to objects as well as
region-based properties of the object. This quigatibn process transforms the object
into a series of feature vectors (Costa & Caes#31p Deriving these transformations
and combining them is the main challenge of obpasted segmentation.

The shape of an object is an abstract concept #iecgame shape can be described
differently by people based on their varied peroeet Shapes are generally represented
using contours, transforms, or regions. Contouetiasethods represent the shape
outline either using a set of points on the contmuapproximate the curve using a
function such as the level set function. Regiorebdasethods may partition a shape into
simpler forms (such as polygons), approximate b@ps using a bounding region (such
as a bounding rectangle or convex hull), or represgernal features of the shape (e.g., a
skeleton). Transform-based representations decargekape into one-dimensional
(1D) or two-dimensional (2D) signals (for examplauFier transform and wavelet
transforms are linear transforms, while the Houghgform is a nonlinear transform).
Transform-domain descriptors of shape can be toams€oefficients or transform
energy. Here, the shape of the prostate has bpegsented using a contour because it
can be easily deformed to represent a flexible dann

When an object is enlarged, rotated or movedstillsrecognizable by a human. This
property of an object is called pose invariancat th, the object is identifiable from a
different angle or position, or at a different gcalhe pose of an object in an image can
be changed using an affine transform (section dgeRs a relative concept and it is
usually calculated with respect to the pose of lagrosimilar object on an image. It can
be estimated by deriving the parameters of theaftfiansform needed to match the two
shapes (Unsalan, 2007).



Level set method of segmentation

Deformable contour models or active contour modetsshape-based procedures in
which a closed contour deforms by minimizing anrggdunction. This energy function
incorporates low-level visual properties of an ebguch as edges or pixel intensity,
and/or object-level features such as curvature®bbject and size. In the level set
method introduced by Sethian (1999) the evolvingrioary (interface) is represented
implicitly as the zero iso-contour of some functiéior example, the zero iso-contour of
f(s) = x*+y?-1, is given by the unit circl&(s) = 0. In this framework, the equation of
motion of the interface is defined using a simpawection equation such as (Osher &
Fedkiw, 2002):
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Here,V = (u, v, w) is the velocity field ¢, v, w are components of the velocity field in
thex, y andz directions respectively), anidis the spatial gradient operator. This
equation is referred to as the level set funcfidre level set function can be defined in
terms of the signed distance function. The sigisthnce function is an implicit
function that takes any pixel in the image andmetwas its output the Euclidean distance
between the pixel and the closest point on thefate. Pixels outside the interface have
positive distance while the pixels inside have tiggalistance values assigned to them.
The zero level set is defined as the set of alhfgaivhose distance to the interface is zero.
The level set update equation is derived by disingf the level set equation using the
forward Euler time discretization given by:

F(n+1) - £(n)
Dt

+V(n) N7 (n) =0. (2)

The spatial derivative terms in equation (1) carXganded as:

F(n+1)- £(n)
Dt

+u(n)/,(n) +v(n)7, (n) + w(n)7,(n) = 0. (3)

The upwind differencing used for the spatial demxeaterms along with the forward
Euler time discretization makes the level set updtable. This guarantees that small
approximation errors are not amplified with time.

Level set methods have been used extensively fdio@lemage segmentation. Some
of the popular methods are by Leventon et al. (200€ai et al. (2003), and Chan &
Vese (2001). Leventon et al. (2000) introducedptiecipal component analysis (PCA)
of shapes in the signed distance function domdieyTused Bayesian techniques to
generate maximura posterioriestimates of pose and shape from the prior knayeled
shapes. Shape priors have also been used witle actintour-based image segmentation
by Etyngier et al. (2007). They used diffusion mapmodel shapes as a finite-
dimensional manifold. Their segmentation resultsenaecurate but the initial contour



was placed manually in the images. Chan & Veselpbroduced a region-based
energy function based on Mumford-Shah segmentééidmiques to detect features with
diffuse boundaries. However, their algorithm us#énsity average values for detecting
objects and they mention that textural featuresinede incorporated into the level set
framework to perform generalized Mumford-Shah segatéeon. Tsai et al. (2003)
derived a shape-based level set function as theo$umean shape and shape variability.
Tsai et al. also incorporated pose into their l@etlfunction. They optimized the
parameters of this function to produce a good motitie object shape based on the
knowledge of mean shape and shape deviations friertrdining data. The level set
function derived by Tsai et al. has been adoptetheyGA developed here.

Optimization using a GA

Genetic algorithms (Mitchell, 1996) simulate thegess of biological evolution using
selection, crossover, and mutation. GAs have beed for a variety of image processing
applications, such as image segmentation (Poli §Gai, 1997), feature extraction from
remotely sensed images (Daida et al., 1996), artticaleeature extraction (Harvey et al,
2003). In contrast with traditional optimization tneds, a GA uses a stochastic parallel
search to reach the optimum solution and so islilesly to be stuck in a local maximum.
Individuals of the GA are candidate solutions aredtgpically encoded as bit strings or
vectors defined based on the application. The Gakcbes the space of candidate
solution to identify the best solution for the piexh at hand. Individuals of the GA are
candidate solutions and are typically encoded tasttings or vectors whose
interpretation depends on the application. The @& hes the space of candidate
solutions to identify the best (or at least an adég solution) solution for the problem at
hand. A fitness function is used to evaluate irdinals and compare them based on a
fithess score. This fithess score is used in thecten process to determine which
individuals get to produce an offspring and propagleir “genes” (bits/vector elements)
to future generations.

Selection can be performed in a number of diffevesngs. Some of the popular
methods are rank selection, fithess proportionaliection, and tournament selection. In
rank selection, candidate solutions are sortedrdoupto their fithess score and higher
ranked individuals are more likely to be chosencimssover than lower ranked
individuals. In fitness proportionate selectiore firobability of an individual for being
selected is given by the ratio of its fitness te fitness of other members of the
population. In tournament selection, two individuate first chosen randomly from the
current population. One of the two individualshsr selected probabilistically, based on
fitness.

Genetic algorithms often suffer from premature @gence. This occurs when some
individuals in the population are much more fitttathers and are the only ones selected
for producing the future generations thereby rasyiin the reduction of diversity of the
population over successive generations of the G¥is Gan slow the performance of the
GA. Selection procedures such as tournament seteatid rank selection can be used
instead of fithess proportionate selection to ay@mature convergence. After selecting



two individuals from the current population, thessover operator is applied to produce
two new offsprings that are members of the nexegaion. Crossover is performed
using a crossover mask which swaps same lengthesggrof genes between two parents
to produce the offspring. The mutation operatorodes a single gene at random and
changes its value. The new population thus gergeratevaluated using the fitness
function and the process of selection, crossovet,mautation is repeated until an
offspring with an acceptable fitness value is pistl

Genetic algorithms have been used for segmentirticaemages by Cagnoni et al.
(1999). The GA developed by Cagnoni et al. optimitee parameters of an elastic
contour model called “snakes” (Kass et al., 198®) minimized an energy function for
curve evolution. The “snakes” algorithm used arrgynéunction based on low-level
features like smoothness of the curve, curvatudeimage gradient. In contrast, the GA
framework here allows the use of different kind$eaftures such as texture and shape for
deriving the fitness of GA individuals. Another eet work using GAs for medical image
segmentation is by Chabrier et al. (2008). Theyau&aA to find the optimal combination
of information extracted from several different segntation algorithms.

PROBLEM DESCRIPTION: PROSTATE SEGMENTATION

The prostate gland is a male reproductive orgaatéatbelow the bladder and in front of
the rectum and is about 3 cm in length along thehtef the body. Prostate cancer is the
most commonly diagnosed malignancy in men oveateof 50. When diagnosed at an
early stage, the disease is curable, and eveteatlkages treatment can be effective.
Nevertheless, treatment options vary dependindgherxtent of the cancer, and prognosis
worsens when diagnosis occurs at an advanced &taigenal beam radiotherapy is a
well established standard treatment of prostateeraintensity-modulated radiotherapy
is used as a technique to improve tumor controlraddce radiotherapy-associated
toxicity. Margin reduction around the clinical tatgrolume (CTV) is essential to reduce
the irradiated volumes of the organs at risk (béaddectum) and reduce toxicity. Image-
guided radiotherapy (IGRT) allows margin reductitue to prostate localization before
each radiotherapy fractioA. key ingredient for optimal treatment of prostagacer is
target segmentation on medical images used fantex# planning. Traditionally images
are manually segmented by a radiologist or radiabiocologist to localize the prostate
gland within the pelvic anatomy prior to treatmplanning. Nevertheless, manual
segmentation has its limitations particularly doénter-observer and intra-observer
segmentation variability. Furthermore, with theens the implementation of adaptive
radiotherapy, manual segmentation has become @uegrocess, necessitating a reliable
automated process for expediting prostate locabzain CT and/or MRI images. The

GA developed here aims at automating the segmentptbcess by incorporating shape
and textural priors into a single framework.

The almond-shaped prostate gland can be deforméthtger and rectal filling. In
addition to this, the size of prostate can varysoderably across patients making
automatic segmentation a challenging problem. leigushows single slices of a pelvic



CT scan and MRI of two patients. The contour indbeter was marked by a radiologist
as the prostate. The organ just below the prostat®ur is the rectum. The large
structures around the prostate (white on CT imagesvn in the top panels of figure 1)
are the bones. One can see that the edges ndauhdary of the prostate that was
marked by the radiologist are not prominent. OniGages, the radiologist adjusts the
contrast of the images before performing manuaihsegation on them. The MRI images
have better soft-tissue contrast therefore no ashadjustment is needed on these
images. These contours are stacked on top of arteerto create the three dimensional
(3D) shape of the prostate.

Contour

Figure 1. The 2D pelvic CT scan (upper left). Thetevcontour (upper right) in the center is the
prostate outlined by an expert. The black regi®st pelow the prostate is the rectum. The white
structures surrounding the prostate are the bofé® 2D pelvic MRI scan (lower left) and
manually segmented contour (upper right).

SEGMENTATION USING THE GENETIC ALGORITHM

The GA performs segmentation in two stages. Irfiteestage, termed training stage, the
texture, mean position and shape variability ofghestate are derived from training



images. The latter are obtained from manual segatientof the dataset. In the second
stage, termed segmentation, the GA generates @adidgmenting contours and
evaluates their performance using the informatieriveéd in the training stage. Better
solutions are allowed to propagate to future gdimrsiusing selection, crossover and
mutation to produce a new generation. The processrated until a stopping criterion is
satisfied. The process of selection crossover amation is repeated to get the final
segmentation result. The flowchart in figure 2 giam overview of the algorithmic
framework.

Training images:
Manually segmented images.

! :

Derive texture of the Derive mean shape and shape variability and defi||1e
prostate region and mean || shape representation using the level set function:
position of theprostat.

_ k
Flw, pl(x ) =F (X, )+  w;F (X ¥).
j=1
v
Derive fitness score (0-1000) destimages Definen individuals of the GA population as
0: contour lies outside the prostate region.  f«— Weight and pose parameters of the above
1000: Segmenting contour encircles the prostate.| function. Each individual is a segmenting curve:

l [wi, pa] ... [Wh, Pr].

A

Is Fitness > Threshold
or
Num Generations >10

Perform GA selection,
crossover, and mutation to
produce the next generation of
segmenting contour

Figure 2. Flowchart depicting the sequence of ofiers of the GA.

Deriving priors
Shape representation using a level set function

To derive information from the training data, thamaally drawn contours/shapes are
first aligned. Then the mean shape and shape vasiab derived from this dataset to
create a level set-based shape representationtéadiopm Tsai et al., 2001) for
representing segmenting contours. They are dedsedy principal component analysis
(PCA) on the manually segmented images as folldWws.manually drawn contours from
the training data are first converted into signeiashce functionsy; (i = 1 ton, wheren
denotes the number of training contours). The leeefunction is a linear combination of
the mean shape and weighted shape variances smtied-distance domain. The mean
shape is defined far contours as:



_ 1.
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The mean offset functions are then deriveduiytracting the mean from each of the
training contours in signed-distance domzi}y_l (__y_ ) E)' The columns of the mean

offset functions (siz& = N; x N, same as the training images) are then serialbksthto
form one column vector) of size 1 XN. The shape variability matri® (sizeN x n) is
obtained fromrm such column vectors

S=[b,b,,..b.] (5)

The variance in shape is then computed by an eigkre decomposition on this shape
variability matrix

Llsg zusu, (6)
n
Here U is anN x n matrix whose columns represemtorthogonal modes of shape
variation andS is ann x n diagonal matrix of eigen values. By rearranging ¢tolumns
of U to form anN; x N, structure, the different eigen shapes can be obtained, § », ...,
Fn}. The mean shape and shape variability derivechftbe training phase are used to
define a level set function that implicitly repragsethe segmenting curve,

F[W]:E+_k w,F ;. (7)

=1

Pose is inserted into this function using an aftra@sform. The affine transform is the
product of three matrices, the translation mathe, scaling matrix and the rotation
matrix respectively

X 1 0 ah 0 0 cosg -sing 0 x
y=01Db O h 0 sing cosg 0 vy. (8)
1 001001 O 0 11

Here,x andy are the pixel coordinates of the input image%ny are the pixel
coordinates of the affine transformed image. The lexel set function is given by[w,
p] wherep = [a, b, h, g] are thex, y translation §, b), scale () and rotation £)
parameters respectively. The zero-level of thiglleet function gives the segmenting
contour and its parametens, [p] are evolved by the GA

k

Flw, pl(x,y) =F(X,y)+ wF(X,y). 9)

j=1

Before deriving the mean shapes and shape varfeoroethe training data, the images
are aligned for pose. Gradient descent is usedriomze the difference between a pair



of binary images with respect to their pose paransefl he transformed image based on
pose is given by:

I =T[p*1. (10)

where T[p] is the two-dimensional transformation matrix ,i.¢he product of the
translation, scaling and rotation matrices of equa(8). The energy functional used to
minimize the difference between two images is givgn

Sy
E,L ="
align (l i + j)2
W
Here, isthe image domain. The area normalizing terthédenominator improves the

cost function by preventing the images from shnigkiThe gradient with respect to the
pose parametepsfor any image is given by:

i1 (11)
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Ny s the gradient of the transformed image taken vaipect to the pose parameters:
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where the matrix derivatives ®fp] are taken component-wise. The initial pose
parameters of one of the shapes are kept fixedhendose parameters of the second
image are calculated to solve the problem. Noteltbemmogeneous coordinate system is
used here. The homogeneous coordinate system raelppeint X', y') in the Euclidean
space to), y, w] (w 0). The mapping is achieved by the relatsrx/w andy’=y/w.

Using homogeneous coordinate system allows thelation operation to be represented
with a matrix multiplication.

Deriving textures

The textural priors arkigh-levelfeature vectors derived from the training imagegs
Laws’ textural measures and Gabor wavelet transfoased features. The Laws’ texture
measures are computed by convolving the trainirages with small integer coefficient
masks. The basic one-dimensional convolution kerfueually 5x5) derived by Laws
stand forlevel (L), edge(E), spot(S),wave(W) andripple (R) texture types respectively.
Two-dimensional masks are generated from thes@enrgeby convolving each vector with
the transpose of another. To generate the texheeg planes, the training images are
first convolved with the each of the 25 two-dimemsil masks to obtain 25 grayscale



images. When an image is convolved with a maskpitked values in the image around
5x5 windows are weighed by the mask parametersgllyegnhancing certain features in
the image. For example, edges in an image canhmnead by convolving it with the
mask E5 x EEwhich enhances the value of each edge pixel tigrdifitly weighting its
neighboring pixels in 5x5 windows. Thus pixel irgég differences in the image are
amplified making the edges more prominent. A sifidlk15) window is then operated
on these grayscale images by summing the absalies/of the 225 neighborhood
pixels to produce 25 different texture energy ptdmaps. Fisher’s linear discriminant
(FLD) is used to find the weights to linearly combithe 25 texture energy planes and
threshold it to obtain a binary image with the dessiclassification (Figure 3). These
weights are saved and used to derive the textaeygiplanes on test images. Fisher’s
linear discriminant is a simple dimensionality retlon approach in which a multi-
dimensional data is projected onto a one-dimensional spasach that

y=V'X (14)
Although projecting multi-dimensional data alongeatimension leads to a loss of
information due to significant overlap, the clasparation in one dimension can be
maximized by adjusting the weight vectorThis weight vector is a function of the
projected class means normalized by the withinscéasitter along the directionwfFor,
a two-class problem the Fisher criterion is:

_ 2
J(V) - (m22 m;)
S tS;
= (Y'-m) k=12
n Cy,
whereny is the class mean argdis the within class scatter. Maximizing the funati

maximizes the class separation and minimizes thi@mwelass scatter. The weight vector
v is the derived texture prior.

(15)

L5xL5
A
L5¢ES o
Input = - Binary Image
Grayscale Image L5xS5
) Nonlinear
convolutior Windowing FLD
=~
R5xR5 Texture Energy Plan

Figure 3. Flowchart depicting the steps in the segtation process using Laws’ texture
measures



Gabor wavelets are based on the Gabor elementactida given by the modulation of
the Gaussian with a complex exponential functiquétion 16).

hxy) = gxy)expliz (U x+v y)

1 x
exp-— — + Y . (16)
2 S, S,

a(x,y) =

X—y

Gabor wavelets are derived by considetifg y) as the mother wavelet and a family of
functions is obtained by translations and dilatiohthis mother wavelet. The method of
Gabor wavelets assumes that local texture regi@nspatially homogeneous and the
mean and standard deviation of the transform aoeffis are used to represent regions
for classification. The Gabor wavelet is given lopation 17. Herek is the number of
orientations.
h,(X,y) =aH(x¢ y9
a>1
m,n =integers (17)

andx¢= a m(xCos% + ySin%)

yt=a "(- xSin% + yCos%)

Given an imagé(x, y), the Gabor wavelet transform is given by equafii8).

WL (% Y) = 1%, V) me(X- X, Y- y;)dxdy, (18)

Here, h* is the complex conjugate d¢f. The mean and standard deviation of transform
coefficients for each known region are the deriteedure priors.

Segmentation procedure

An individual () of the GA population is defined as a vector ofghe (£2 variability of
the mean shape) and pose parameters of the lé\fahsdon

I = [wi, Wy, &, b, h, ¢ (29)

Several such individuals form the GA population.&ftithe weights and pose parameters
of each individual are substituted in the levelespiation (9), a new shape combining the
mean shape, the eigen shapes and a new pose ie@dod his new shape is the
segmenting contour. Thus, each GA individual isgnsenting contour. The fitness of an



individual is measured by comparing the texturfedence between the regions inside
and outside the contour. The textural differencepimputed as follows. At first a binary
image is generated using texture segmentationtest @amage. In this binary image,
pixels labeled ‘1’ represent one texture type @agitexturally similar to the prostate)
and pixels labeled ‘0’ represent all other textiyyges (regions not texturally similar to
the prostate on pelvic CT/MR images). The numbét’'sfand ‘0O’s inside and outside
the candidate segmenting contour are counted. ifrfes$ F) is defined as a function of
this count and is given by

F =500 x A + (1B)). (20)

Here,A denotes the detection rate: the fraction of pilaieled ‘1’ (‘0’) that are inside
(outside) the candidate contour. Thads the sum of true positives and true negatives.
ConverselyB is the sum of false positives and false negatBetenotes the false alarm
rate: the fraction of pixels labeled ‘1’ (‘0’) thate outside (inside) the candidate contour.
A higher fitness score means that more pixels enhié@ contour belong to the desired
texture type that was derived from the trainingadat

Individuals with a higher fithess score are selgdéte crossover and mutation to
propagate their genes to future generations. Cvess® performed by swapping
segments of genes between two individuals. For gigrtetl;= [wi, Wy, &, b, h,g] and
I,= [w'y, W, &, b, h', g]. The following two offsprings are produced by €sover at
midpoint betweer; andl; : [wy, W, @, b', h', g] and W'y, w's, @', b, h, ¢]. Mutation is
performed by randomly changing the value of a gesra a specified range of values
(For example, the geng can take on values between 0-36@ crossover/mutation rate
(usually specified as a percentage) determinepritit@ability of crossover/mutation
between two individuals. Selection, crossover amtiwtion are performed iteratively for
successive generations until an individual witlpecsfied fitness value is attained or the
GA runs for a specified number of generations.

Extension to three dimensions

The GA is extended to three-dimensions by usingp88e parameters; y, z translation
(a b, ¢), scale k), yaw (), pitch () and roll ().

X 1 00 a ho0O0OO X
y 01 00D O h 0O y
o= * * Rx* Ry* Rz*

Z 0 01 c 0O 0 hoO z
1 0 001 0 0 01 1

(21)

Rx, Ry, andRzare the rotation matrices about thg andz axes respectively:



1 0 0 0
Rx = 0 CF)SQEI) -sin@@) O
0 sin@) cos@) O
0 0 0 1 (22)
cos@) 0 sin(b) O
0 1 0 0
Ry = .
-sin(b) 0 cos) O
0 0 0 1 (23)
cos@) -sin(@ 0 O
Rz = sin(g) cos@g) O O
0 0 10
0 0 01 (24)

The individuals of the 3D-GA population are basadlee new pose parametgrs [a, b,
c,h, , , ]. The mean shape and shape variability are defroed the 3D images
generated by stacking the slices of the CT/MR s&ams the training data. The 3D
segmenting contours generated by this GA segméritesslices of the test image at
once.

Performance Evaluation

The performance of the algorithm has been evalused) two measures taken from
Udupa et al. (2006). These measures are preciamnalidity. Precision is defined as the
repeatability of the segmentation algorithm. Valids defined as the closeness of the
segmentation outcome with the truth/manual segrntientePixel-based (texture feature
finding) segmentation methods with which the LSG# Iheen compared are the Laws’
texture method and the Gabor wavelet method. Thoo-based segmentation method
of Chan & Vese (2001) has also been compared Wweh. EGA. The application domain
for performing the evaluation is given by a paitagk and segmentation protocolg, P
used to solve the task. Here, the possible valueE éndP are:

1. T: Segmenting the prostate on pelvic CT/MRI images.
2.P: LSGA/ Gabor Wavelets/ Law’s texture method/ CBaviese method

The ground truth is derived from the manual segateis. Manual segmentation is
variable due to intra- and inter-operator variapililrhe ground truth is therefore obtained
from manual delineations by averaging over multipknual delineations.

The precision (repeatability) of a given segmentatnethod is determined by applying
the same algorithm twice on the same image anddbmparing the binary outcomes.
The ) operator signifies the region common to the tivaaty outcomes. TheE()
operator signifies the union of the two binary ames

Outcomé C Outcome (25)

PrecisionPR) = E .
Outcomd E Outcom:2




The validity of the segmentation result is obtaibgadcomparing the segmentation
outcome with the ground truth. Four features arevdd this way; True Positives (TP),
True Negatives (TN), False Positives (FP), Falsgdiees (FN) as

_ "1'sin thebinaryoutcomematchingthe'l'sin manualsegmentaﬂ'n‘

TruePositive (TP) = : : (26)
"1'S|n themanuatsegmentaud
TrueNegative(TN) "O'sinthebinaryoutcomematchinghe‘O'sin manuai;egmentabid
rueNegative = 27
"O'sin themanuaisegmentadid (27)
FalsePositive (FP) "1'sin thebinaryoutcomamatchingdO'sin themanuaisegmentamﬂ
alsePositive = 28
"O'Sin themanuai;egmentanﬂ (28)
_ "O'Sin thebinaryoutcomenatchinghel'sin thernanuad;egmenta)t'd
FalseNegative(FN) = (29)

"1‘sin themanuad;egmentaid

RESULTS AND DISCUSSION

To perform this analysis, images were obtained feodatabase of 2700 pelvic CT and
MRI scans, acquired through collaboration with @reglealth & Science University
(OHSU). CT and MRI images of 10 patients (for eawddality) from this database were
manually segmented by Dr. Arthur Hung and Dr. Jaiaeyyi, (Dept. of Radiation
Medicine, OHSU). Each scan for a patient contab2Q slices of 2D images. Some
patients have multiple CT/MRI scans. The prostatasible in about 10-12 of these
slices; the rest display other organs in the pelgon such as the bladder and the
rectum. The number of slices on which the prostatesible depends on the resolution of
the scans which varies from one patient to anotret,also dependent on the technique
used for image acquisition. The prostate has beetuaily delineated twice on the same
set of images by the experts. This provides a da&bor intra-operator variability. The
manually segmented contours derived from the sohfige patients (~ 50x2 =100
images) have been used as the training data fatfalysis. The images from the other
five patients (for which the ground truth was a&hbié) were used as test images. Note
that the CT and MR images shown here are taken fnandifferent sets of patients.

For the same set of test images the segmentatiooraas using the four different
methods were computed. At first the level set basgpnentation algorithm of Chan &
Vese (2001) was tried on the test images. Thalmtntour was placed in the center of
each test image (left panels of figure 4). Theroation method used for curve
evolution in this method is the gradient descenthae The upper right panel on figure 4
shows the outcome of the algorithm for a CT imdde CT image was contrast-
stretched because the original image had very tmwrast. Figure 4 (lower right panel)



shows the result of the algorithm on a MRI imagebath the cases the algorithm found
boundaries between the dark and light regions.rékelt that was obtained was expected
because the algorithm is designed to find regioitis mvarkedly different pixel intensity
values inside and outside the contour. The res#tioed in this case is not a binary
image. It is the original image superimposed byaeaved curve. Since, the original
curve divides into many curves surrounding sevegibns, it is not possible to obtain a
binary image from this outcome. Since the evaluatibthe algorithm performance
requires a binary image, the evaluation cannotdsmpned for the outcome of this
algorithm. Therefore, NA or (Not Applicable) is ntemed in the evaluation results
tables 2 and 3 for the corresponding values.

Figure 4. (Upper left panel) Initial contour placexh top of a test CT image. (Upper right panel)
Outcome of the level set algorithm of Chan & Vé@sewer left panel) Initial contour placed on
top of a test MR image. (Lower right panel) Outcaxhthe level set algorithm of Chan & Vese.

Figure 5 (middle panels) shows the segmentatiopubygtenerated by the Laws’
texture segmentation method on a test CT and MRaem&or the CT images the result
was again computed on contrast-stretched CT imddpesfigure shows the classification
of pixels as similar to prostate (white) or othesgv{black). Figures 5 (lower panels)
shows the outcome of the Gabor wavelet-based sdgtimanalgorithm applied on the
same test CT (left) and MR image (right panel).rBoftthese methods found regions
texturally similar to the prostate, but also markedhe regions outside the prostate as
similar to the prostate. The GA used this textuaeda classification for its fithess



determination. It used the mean position informatierived from training images to

place the segmenting contour in the prostate regnohthen optimized its pose and
location in the prostate region using the textafermation derived using these methods.

Figure 5. Test CT and MR images (upper left andhtriganels). Laws’ texture classification
method applied to the test CT image (middle lefigha Laws’ texture classification method
applied to the test MR image (middle right pan@bor wavelet segmentation algorithm applied

to the test CT (lower left) and MR (lower right)ages.



The parameters used by the GA are shown in talBefbre computing PCA on the
training contours, they were aligned with respegtdse with one training contour.
Figure 6 shows the mean shape and shape variatfilibhe prostate derived in 2D from
the training images. The initial population of BA was generated using values chosen
randomly from the range of parameter values spetifi table 1. These parameter values
when substituted into the level set equation 9egard segmenting contours as a sum of
the mean shape and shape variability informatioivele from the training images. The
evolution of the curve (selection, cross-over andation over 100 generations) was
guided by the fitness derived from textural prigemerated by Laws’ texture method
since it narrowed the region of interest more tthenGabor wavelet-based method. The
GA used the textural classification map (aroundntiean location of the prostate) on a
test image, to place the final the segmenting agnto

Population Size 50

Mutation Rate 10 % per gene
Crossover Rate 50% single-point
Selection Criteria Rank Selection

Weights for eigen shapes, (0x2)

Translation parametees b Integer (0-30)
Rotation parametey -90° to +90°
Scale parametdr (0.5-2)

Table 1. LSGA Parameters

Figure 6. Mean shape of the prostate derived framihg images (left panel). Shape
variability of the prostate derived from trainingages (right panel).



The segmentation result from the LSGA in 3D is shawfigure 7 (right panel).
Figure 7 (left panel) shows a slice from the 3Dnsegtation result obtained on the test
CT image. The highest-fitness 3D individual evologtthe GA was found to be
[1170wn,), 161v2), 9@), 2(b), 4(c), 1.30), 25( ), 13( ), 24( )] and its fitness was 316.
Figure 8 shows a slice from the 3D segmentationlredtained on a test MR image. The
highest-fitness 3D individual evolved by the GA viasnd to be [3.99e+00&¢),
4.7e+003¢), 8(@), 270), 2(c), 1.90), 4( ), 14( ), 6( )] and its fitness was 526. There
were only five slices in the 3D MR image as comgaceten slices in the 3D CT image,
therefore the 3D structure of the shapes look iiffe Note that the fithess values found
are low because it was derived from the texturensggation of the entire image and not
just the prostate region. For achieving more acdeuirness values only the textural
segmentation around the prostate region could ée along with the information of the
relative position of the prostate with respecti® bladder and the rectum. This will be
the subject of future work.

Tables 2 and 3 show the performance evaluatiorolnyparing the binary results
obtained from the four different methods. The abiateons LSGA, LTM, GW, and CV
are for the genetic algorithm developed here, nd’ texture method, Gabor Wavelet
based segmentation method and the Chan & Vese theghpectively. As mentioned
before the outcome of the Chan & Vese algorithmoisa binary image and therefore it
cannot be evaluated using the measures used logrieFother methods, the precision,
and validity measures (TP, TN, FP, FN) were derifeedll the test images. The
segmentation result of the GA in 3D has been ugedvaluation purposes.

Protocol | Precision| TP FP TN FN
LSGA 0.42 0.67 0.007 0.99 0.32
LTM 1 0.5 0.07 0.93 0.5
GW 1 0.44 0.08 0.92 0.56
CcVv NA NA NA NA NA

Table 2. Performance evaluation of the four protsdor segmenting the
prostate on pelvic CT images.

Protocol | Precision| TP FP TN FN
LSGA 0.4 0.73 0.005 0.99 0.28
LTM 1 0.44 0.24 0.76 0.56
GW 1 0.79 0.42 0.58 0.21
CVv NA NA NA NA NA

Table 3. Performance evaluation of the four protsdor segmenting the
prostate on pelvic MR images.



Figure 7. 3D segmentation result of the LSGA oesa €T image (right panel). A slice of the 3D
segmentation generated by the GA (left panel).

Figure 8. 3D segmentation result of the LSGA oasa MR image (right panel). A slice of the 3D
segmentation generated by the GA (left panel). & ez only 5 slices in this figure as compared
to 10 in the previous figure, therefore the 3D stawes look different.

Significance of this work

This algorithm is a step towards automating the memtask of prostate segmentation.
The GA allows multiple types of features to be ukedegmentation: texture, shape and
mean location of prostate for initial contour plaent. The GA provides a means for
derivative-free curve evolution for performing segrtation. This brings flexibility to use
high-levelfeatures such as the combination of textures, shaipe location information
for curve evolution. The GA developed here is mpacsfic to prostate segmentation and
can be used in other domains and applications wnwgImultiple feature based
segmentation.

FUTURE RESEARCH DIRECTIONS

There is a considerable scope for improvementi;m@#A framework. Currently the
initial position of the contour is derived from theean position of the contour from
training images. The desired method of automatiqa#icing the initial contour is to
encode the information of relative position of trgans in the pelvic region image into



the GA framework. Some algorithms used for findspatial relations between objects
are Bayesian network classifiers (Pham & Smeuld@f86), graph matching (Bunke,
2000) and histograms of distances and angles (Migag Ralescu, 1994). Relative
position information would be incorporated into tBA framework in future not only for
initial contour placement but also in the fithegsdtion to determine the fitness of a
segmenting contour.

Also, a linear classifier has been used for texbawsed classification of pixels. There
are many other methods of classification such pp@t vector machines (SVMs), neural
networks, etc. that can be tried in future to inwgrthe classification outcome of the
texture-based segmentation. Tables 2 and 3 shawhinarecision of the GA could not
achieve high precision on these images. Perfecigioa is impossible to achieve for this
dataset because there are no clearly visible eédglrsve an optimization algorithm to
the exact boundary of the prostate. However, usiadexture classification outcome
only from the prostate region and surrounding osgéor deriving fithess may improve
the precision of the segmentation outcome.

Another major shortcoming of the GA based optimarats its speed of execution.
Currently the 3D LSGA takes about 15 minutes teva fiours for each set of test images
to find the segmentation outcome. The speed depamdsumber of factors such as, the
number of generations of the GA run, the populasiae, etc. Methods to speed up the
GA such as parallel GA (Luque et al., 2005) wouwdelrplored for finding the practical
viability of the algorithm.

CONCLUSION

A genetic algorithm framework has been appliecet@l-set curve evolution to
incorporate multiple features for performing thengbex segmentation task of prostate
segmentation on pelvic CT and MR images. Reprasgotindidate solutions of the GA
as segmenting contours and assessing their pemigenaing a fithess function
eliminates the need for defining an energy func{emd the associated derivatives) and
simplifies the optimization procedure needed fawelevolution. Complete automation
can be achieved when the knowledge of organ latsatiath respect to the prostate is
incorporated into this framework.
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