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ABSTRACT

A genetic algorithm (GA) for automating the segna¢ion of the prostate on pelvic computed tomografeil) images
is presented here. The images consist of slicen ftwee-dimensional CT scans. Segmentation is ajlgiperformed

manually on these images for treatment planningexpert physician, who uses the “learned” knogdedf organ
shapes, textures and locations to draw a contoumdrthe prostate. Using a GA brings the flexipild incorporate new
“learned” information into the segmentation procedsthout modifying the fitness function that is ds® train the GA.
Currently the GA uses prior knowledge in the forftexture and shape of the prostate for segmentatde compare
and contrast our algorithm with a level-set bassgheentation algorithm, thereby providing justifioatfor using a GA.

Each individual of the GA population representsegmsenting contour. Shape variability of the pras@érived from
manually segmented images is used to form a shegregentation from which an individual of the GApplation is

randomly generated. The fitness of each individeadvaluated based on the texture of the regiendioses. The
segmenting contour that encloses the prostaterrégioonsidered more fit than others and is mdwylito be selected
to produce an offspring over successive generatibtise GA run. This process of selection, cross@rel mutation is
iterated until the desired region is segmenteduResf 2D and 3D segmentation are presented amodefuvork is also
discussed here.
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1. INTRODUCTION

This study is aimed at segmenting the prostatéetp speed up the treatment and diagnosis of fieodiseases. The
data for this project has been derived from a dealnf 2700 pelvic CT scans, acquired through lootktion with
Oregon Health & Science University (OHSU). AbouD20T scans from this database have been manugiyesged
by an expert physician. Manual segmentation ismabarsome process and has to be performed for éaeto6the CT
scan. Due to the increasing amount of availabla datl the complexity of features of interest, lhésoming essential to
develop automated segmentation methods to assisteed-up such image-understanding tasks. Figshewds a slice
from a typical pelvic CT scan and the correspondimanually segmented image depicting the prostate. drostate
segmentation on CT scans is challenging becausshtiige and size of the prostate varies considegaibss patients.
Also, there are no significant edges to make tlstpte visible on these images. So the interfatedsn the prostate
and the bladder or the rectum is typically not diedefined. An expert uses prior knowledge of erghapes and the
information of the relative positions of variousaéamical landmarks to approximately and intelliggntemarcate the
prostate on these images. Thus, developing aneffiautomated method involves coding the knowleofgihe expert
into an algorithm.

Motivated by the work of Harvey et and Tsai et &, we developed a genetic algorithm for prostatensegation. The
genetic algorithm makes it possible to combine sheapd texture features extracted from training esafpr automatic
segmentation without the need for defining an epdupction thereby simplifying the optimization medure. The
longer-term goal of the project is to make thisoaiipm more accurate by incorporating informatidroat the relative
spatial locations of organs.

The sections in this paper are organized as folltivessignificance of using a genetic algorithndéscribed in section 2
followed by a brief description of the genetic aigun for 2D and 3D segmentation is presented atise 3. Discussion
of the segmentation results and comparison witkvaliset based algorithm are presented in secti@odclusion and
future work are discussed in section 5.
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Fig. 1. Atypical 2-D pelvic CT scan (Left). Marilyassegmented prostate region marked by a radistqglight).

2. SIGNIFICANCE OF THE DEVELOPED ALGORITHM

Several automated/semi-automated methods have dmerloped to segment medical images. Some of tipalao
segmentation methods are intensity-based methedimn-growing methods and deformable contour médeigensity-
based methods identify local features such as edgédexture in order to extract regions of interBggion-growing
methods start from a seed-point (usually placeduaity) on the image and perform the segmentatiek kg clustering
neighborhood pixels using a similarity criterionefdrmable contour models are shape-based featarehsprocedures
which use gradient descent to minimize an energgt{dunction usually defined by curvature or imagedient °. If
C(qg) : [0,1] A? pe the parameterized curve (for every point qlendurve C), then the energy function in the so-
called classical “snakes” approach is definett as

E(C)=la‘C¢+b‘C@jq- /I‘NI(C Yda @)

The GA-based segmentation algorithm presentedignpghper combines high-level texture and shaperrmdtion to
segment medical images in 2D as well as 3D domaims.signed distance transform-based shape repatisenderived
by Tsai et al? has been adopted here for shape representatiergdéi of the algorithm is to find the parametdrthis
function that produce a good model of the objeapshbased on the mean and variability of the shepged from the
training data. Level-set methods have been usethay and VeSdo detect features with diffuse boundaries on wadi
images. They used first and second (low-order)rostiistical features (such as pixel intensity aadance) to define a
level-set function for curve evolution. In contratsie genetic algorithm here uses higher-leveutatand shape features
for performing segmentation. The fithess functisased on textural priors and gives a fithessesitat is used to rank
good candidate solutions and propagate them taeugenerations. Segmentation result on the pelvicirBages
comparing the results of the genetic algorithm \iliidr level-set algorithm of Chan and Vekas been presented here.

3. METHODOLOGY

The flowchart below provides a brief descriptiortled genetic algorithm. Shape and texture inforomadire first derived
from the training images on which a contour hastdawn by an expert. Following the lead of Tsaaltthe mean
shape and shape variability of the prostate isvddrio define the shape representation. The evoluti the segmenting
contour is thus constrained by the known averagpesiand variability. The texture of the prostatgae is also derived
from the training images. The fitness functionltd GA is based on the texture of the region endltsethe segmenting
contour. Selection, crossover and mutation areopedd sequentially until the fithess of an indivatlof a generation
exceeds a certain threshold or some specified nuaflgenerations is produced.
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Fig. 2. Flowchart depicting the sequence of openstiof the GA.

3.1 Segmentation in 2D

The manually segmented contours are used for degrithe representation of known shape in 2D. Theaotos are
converted to the signed distance representatiomhich every pixel is assigned a Euclidean distavadee from the
nearest point on the contour with negative valuegle the contour and positive values outside ¢imitozir. The contour
itself represents the “zero” level of the signestalice representation. Level-set methods use the sgpresentation for
evolving interfaces that segment objects on images.

The mean level-set function is defined (focontours) as:

— 1N

F=(=) v, (2)
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The shape variance is computed using principal cmapt analysis (PCA). In this approach, shape wffae computed

by subtracting the mean from the signed distanpeesentation of the training contouggi( =y- E). The columns

of the mean offset functions are then successistgked on top of another to form one large colwactor. A new
matrix S, called the shape variability matrix, @ried fromn such column vectors. The variance in shape is then
computed by an eigen value decomposition on thagalvariability matrix. The eigen value decompositis given by:

1
~SS =usuU". (3)

n
The columns of U representorthogonal modes of shape variation (or eigen at)ap;, and S is an x n diagonal
matrix of eigen values.

The texture of the prostate region is derived usimeglLaws’ textural measures. These texture messueecomputed by
convolving the training images with small integerefficient mask§ The basic one dimensional convolution kernels
derived by Laws stand for level (L), edge (E), sf®}, wave (W) and ripple (R) texture types respebt. Two-
dimensional masks are generated from these veayocenvolving each vector with the transpose oftla@ovector. To



generate the texture energy planes, the trainirag@®s are first convolved with 2D convolution kespdbllowed by a
windowing operation which sums the absolute pixauegs in the neighborhood. A Fisher linear disanamit is then
used to find the weights to linearly combine theuee energy planes such that maximum separatioextdiral features
is achieved between pixels inside and outside t¢mtocir on the training images. These weights avedsand used to
derive the texture energy plane on test images.

The mean shape and shape variability derived fitwenttaining images are used to define a leveligattion which is
(the segmenting curve) the sum of the mean imadenaighted deviations from the mean image:

k
FIW=F+ wF,. @

i=1

Pose parameters are incorporated into this franlewsing an affine transform. The affine transfosrthe product of
three matrices in 2D: the x-y translation matrhe scaling matrix and the rotation matrix respedyiv

X 1 0ahO0O0cosg -sing 0 x
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Incorporating pose parameters into the shape repta$on creates segmenting contours of differéness and
orientation.
k
Flw, pl(x, ) =F (X, ¥)+ WF (X,y)- ) (6
i=1
The individuals () of the GA population are defined as a vectorhefse weightsw) and pose parameterg)(Each
value of this vector represents a gene of an iddaf

I =[w,p] wherew=[w, W,,..., W] andp=[a, b, h,gl. @)

To form the initial population of the GA, the wetgHor thek-principal eigen shapes/( are chosen randomly from the
space of [0S]] (wheresi2 are the eigen values corresponding tokleégen shapes). The pose parameteese chosen

randomly from the space of uniformly distribute@lraumbersa, andb are chosen from the range [0-1@]from the
range [-30, +30 degrees]; ahdrom the range [0.5-2.0].

The fitness of each individual (i.e., segmentingtoar for a test image) is measured by analyzimgtéxture of the
segmented region and verifying whether it encldbesprostate region. The analysis is performed dayegating the
textural feature planes for the test image (a nmage not in the training set). Each pixel of th& fenage is then
classified as “true” (prostate) or “false” (othes@) by using the saved weights of the Fisher limksgriminant. This
binary image is compared with the binary segmematésult (ones inside the segmenting contour analszoutside) to

derive a fitness score for the GA individual. Thadss is a function of the detection ra#¢ &nd the false alarm ratB)(
1
as™

F = 500@ + (1 -B)). (8)

A fitness score of 1000, therefore, representsréegiesegmentation result. Once the fithess scoréerived for all
individuals of the population, they are ranked ldasa their fithess score and chosen for producimitgieen using
crossover and mutation. Crossover is performedvmgpping fixed length portions of the genes betwigglividuals.
Mutation is performed by randomly changing the eati a gene. The process of GA evolution: selectinossover,

and mutation to create a new generation is iteratdill the optimum fitness is attained or afterpgafied number of
generations have been produced.

The goodness of fitQ) of the final segmenting curve is found using H@mming distanceH) between the final
segmenting contour and the manually segmented gotarresponding to the test image. The Hammintpdce is
defined as the total number of pixels that aresifiesl differently (wrongly) from the manually segnted contour. The
goodness of fit is numerically defined as:

G = (1 - H/N)) x 1000, 9)



where N is the total number of pixels in the image. A scaf 1000 represents a perfect match with the manua
segmentationG is derived on the segmentation results from thetG#est the accuracy of the automated segmentation
procedure.

3.2 Extension to 3D

The above procedure is extended to 3D by using @@ parameters; x-y-z translation, scale, yawhatd roll,
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Rx, Ry, andRz are the rotation matrices about the x, y and » agspectively:
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The individuals of the 3DGA population are basedtmnew pose parameteys- [a, b, c, h, , , ]. The mean shape

and shape variability are derived from the 3D insagenerated by stacking contours from training esaghe 3D
segmenting contours generated by this GA segméritesslices of the test image at once. The fénasthe segmenting
object is defined similarly and is based on theuwexof the region enclosed by it.

3.3 Level-set method of segmentation

In the level-set approach of segmentation, thev@wglboundary (interface) is built into a surface ddding another
dimension to the curve evolution coordinate systé&ime level-set approach is a powerful generalizahnique for
image segmentation, as it does not require fingingt correspondences between images. Object shegoe be
modeled without finding marker points on the featuof interest. In this framework, interfaces cepending to object
shapes in two-dimensions, which we call “contoues’® embedded as zero level-sets of a three-diomaissurface
formed by computing the signed distance transformneages. This representation of shape is moreatoieo slight
misalignments of object features since the distaradees assigned to each pixel after distance fsemscan be used
directly to find shape statistics such as mean estzaql variance without the need for finding pixebiinates on the
image.

Level-set methods have been used by Chan and Yesmedical image segmentation. They introducedgion-based
(pixel intensity and variance) energy function nder to detect features with diffuse boundariesnwages. The stopping
term of their algorithm is based on Mumford-Shagnsentation techniques, which is a minimal partitgyoblem. The
algorithm looks for the best approximation of aioegbased function which takes only two values, orgde (1) and
the other (0) outside the segmenting contour.



4. RESULTS AND DISCUSSION

The training data for this analysis consists ofdmalices of 3D CT scans from healthy patients bithvthe prostate is
visible. The prostate has been manually segmemtedimes on the training images by the radiologisprovide the
database for intra-operator variability. Figure f®ws the two different segmentations for the saragihg image
performed manually by the radiologist. The contcans shown stacked on top of each other to créat@D shape of
the prostate. The test data was taken from imafyesparate subjects. Manual segmentation was aiformed on the
test images and was used to assess the final segfiformresults. The mean shape and shape vanaffiure 4) of the
prostate on training images was used to derive stepe representation. The initial segmenting con{mitial
population of the GA) was placed using the positddthe mean image derived from training images @holution of
the segmenting contour was constrained by the krehape information as the GA run proceeded. Selectrossover
and mutation were performed until 50 generationsevpeoduced. The level-set based segmentation is@drged on the
same set of test images. In this case too, a smgihenting contour was placed in the center ofdbeimages and the
curve was allowed to evolve using gradient desoptitization.

Figure 5 (top left panel) shows a test image with manually segmented contour and the segmentaguit of the
level-set algorithm (top right panel). Due to thevicontrast of these images, there are no signifiddferences in the
region statistics of the prostate and the nearggrs such as bladder and rectum. Therefore, thdelosl texture-based
level-set algorithm diverges out of the prostatgioe. The GA on the contrary uses shape and highl-leexture
information that constrains the evolution of thgreenting contour to be within known shape boundkthe location of
the final contour in the prostate region. The segmat@n result of one of the highest fitness indial of the 2DGA on
the same test image is shown in figure 5 (bottdinplanel). The individual was [206v(), 355(\,), 832(vs), 6.72(\,),
7(@), 100), 1.80), 9( )] and its fitness was 370. Figure 5 (bottom rigahel) shows a slice from the 3D segmentation
on the same image. The 3D individual was [1W{D(161{w), 9@), 2(b), 4(c), 1.3), 25( ), 13( ), 24( )] and its fithess
was 316. Note that the fitness values are in thgaaf 0-1000 and they are low because the Lawtsite algorithm
marks some regions outside the prostate regioaxasrally similar to the prostate as well. Thisagain due to the low
contrast in these images. Therefore, for achieviaier fitness values, the semantic informationredétive organ
locations must be incorporated into the fithesgfiom. This would be implemented in future.

Figure 6 (left panel) shows the 3D reconstructedwof the prostate obtained by stacking the segegecdntours in 2D
(from all slices of one test image) together. Siteecorrelation of shape and pose informationscstices has not been
incorporated in 2D, the transition in contour sifreen one slice to another is not smooth. Alsogbgmentation results
are not aligned with respect to each other. Thensagation result in 3D is shown in figure 6 (righatnel). In contrast to
the 2D segmentation the transition in contour sigesnooth in this case. Also the slices are atignith each other and
the step-like artifacts of the 2D segmentationraraoved. The goodness of fit of the segmentingarontompared with
the manually segmented contour on the test image faand to be 866 (on a scale of 0-1000) in thee aafs2D
segmentation and 951 (on scale of 0-1000) in tke cA3D segmentation.
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Fig. 3. Two training images with all the manualggsented contours stacked to form a 3D shape.



Fig. 4. Mean Shape (Left panel) and shape vartglfiight panel) derived from the training images.
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Fig. 5. (Top left panel) Manually segmented tesige (white contour in the center). (Top right pafiéle contour evolved
by the level-set algorithm diverges out of the mtesregion. (Bottom left panel) 2D segmentaticsutieon the test
image. (Bottom right panel) A slice of the 3D segta@n result generated by the GA. The white coniothe
center of the bottom panels shows the segmentinpaoeveolved by the GA.



Fig. 6. (Left panel) Stacked slices from the 2DBrsentation on a test image. (Right panel)3D Segatiemt result of the
GA on the same test image.

5. CONCLUSION AND FUTURE WORK

The GA framework developed here implements an imsggnentation algorithm that incorporates textur@ shape
information to extract objects without prominentged, such as the prostate on pelvic CT images. eRepting
candidate solutions of the GA as segmenting coatand assessing their performance using a fitnegsion eliminates
the need for defining an energy function (and theoaiated derivatives) and simplifies the optimatprocedure
needed for curve evolution. Our test results shoat the algorithm converges on the prostate reddeftter accuracy of
final position and initial contour placement ar@ested to be achieved when the semantic knowletigegan locations
with respect to the prostate is incorporated ihte framework.
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