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We present a novel evolutionary computing based approach tomedical image segmentation.
Our method complements the image-pixel integration power of deformable shape
models with the high-level control mechanisms of genetic algorithms (GA). Specifically,
GA alleviate typical deformable model weaknesses pertaining to model initialization,
deformation parameter selection, and energy functional local minima through the
simultaneous evolution of a large number of models. Furthermore, we constrain the evolution,
and thus reduce the size of the search-space, by using statistically-based deformable models
whose deformations are intuitive (stretch, bulge, bend) and driven in-terms of principal modes
of variation of a learned mean shape. We demonstrate our workthrough its application to
corpus callosum segmentation in mid-sagittal brain magnetic resonance images (MRI).
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1.1 Introduction

Medical image segmentation remains a daunting task, but onewhose solution will allow
for the automatic extraction of important structures, organs and diagnostic features, with
applications to computer-aided diagnosis, statistical shape analysis, and medical image
visualization. Several classifications of segmentation techniques exist, including edge, pixel,
and region-based techniques, in addition to clustering, and graph theoretic approaches (Robb
2000; Sonka and Fitzpatrick 2000; Yoo 2004). However, the unreliability of traditional,
purely pixel based methods in the face of shape variation andnoise has caused recent trends
(Pham et al. 2000) to focus on incorporating prior-knowledge about the location, intensity,
and shape of the target anatomy (Hamarneh et al. 2001). One method that has been of
particular interest to meeting these requirements is deformable models due to their inherent
smoothness properties and ability to fit to ill-defined boundaries compared to, say, region-
growing approaches.

Deformable models for medical image segmentation gained popularity since the 1987
introduction of snakes by Terzopouloset al (Kass et al. 1987; Terzopoulos 1987). In addition
to physics-based explicit deformable models (McInerney and Terzopoulos 1996; Montagnat
et al. 2001), geometry-based implicit implementations also attracted attention (Caselles et al.
1997; Osher and Paragios 2003; Sethian 1996). Several techniques were proposed to improve
segmentation results by controlling model deformations (Cohen 1991; Xu and Prince 1998).
However, with only smoothness and image-based constraintson their deformations, these
models were highly susceptible to weak edges, noise, and entrapment in local minima (Figure
1.1).

In many applications, prior knowledge about object shape variability is available or can
be obtained by studying a training set of shape examples. This knowledge restricts the
space of allowable deformations to those that are anatomically feasible (Cootes et al. 1995,
2001; Hamarneh and Gustavsson 2000; Leventon et al. 2000; Warfield et al. 2000). One
of the most notable works in this area is that of Cootes et al, where they introduced and
refined active shape models (ASM) (Cootes et al. 1992, 1993, 1995). In ASM, principal
component analysis (PCA) is calculated over a set of landmark points extracted from training
shapes. The resulting principal components are used to construct a point distribution model
(PDM) and an allowable shape domain (ASD). In a natural extension to their previous work,
Cootes et al, modify their method to include image intensitystatistics (Cootes et al. 2001).
Staib and Duncan constrained the deformable models in Fourier space through conforming
to probability distributions of the parameters of an elliptic Fourier decomposition of the
boundary (Staib and Duncan 1992). Statistical prior shape knowledge was also incorporated
in implicit, level-set based deformable models. Leventon et al. introduced statistical shape
priors by using PCA to capture the main modes of variation of the level set function (Leventon
et al. 2000).

More recently, non-linear shape models have been introduced to address the problems that
occur in practice due to linear approaches such as PCA (Cootes and Taylor 1997; Dambreville
et al. 2006; Etyngier et al. 2007; Sozou et al. 1995). However, we argue the problem is
not necessarily due to the application of a linear model to non-linear data but rather due to
the global aspect of the shape statistics themselves, and due to the shape representation to
which they are applied. Global shape statistics are those that model the shape variation of
the entire shape simultaneously, i.e. each shape is a singlepoint in some high-dimensional
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Figure 1.1 (top) The corpus callosum (CC) is the band of nerve fiber tissue connecting the left and
right hemispheres of the brain. (bottom) Incorrect progress of a snake (red) segmenting the CC in an
MRI image. Due to the proximity of nearby edges, manual initialization of the contour is required
inside the CC. Even with proper initialization leaking occurs due to weak edge strength at the tip of the
rostrum. Both of these problems are addressed by our proposed method’s use of GA with prior shape
knowledge.

space, and the statistics (linear or not) describe some restricted set of that space. In terms
of the shape representation, the majority of previous deformable model approaches adopt a
boundary based representation. As a consequence, the statistics are calculated using boundary
models of the shape instead of models representing the interior and skeletal topology of the
structures, and follow its natural geometry.

Global shape statistics and boundary based shape representations both have inherent
problems. Global statistics are unable to restrict deformations to particular locations of the
shape model and unable to enforce shape prior only at selected local regions. Consequently,
these global deformations can not adapt to localized variations in shape, which are often
of high interest, e.g. regions of pathology. The deformations resulting from boundary-based
shape models are non-intuitive, i.e. they do not respect theunderlying geometry of the object,
and not properly spatially constrained, i.e. their extent is not spatially localized (to a location
or scale). The resulting statistically- and boundary-based deformations themselves are un-
intuitively defined as it is unclear what deforming along a particular mode of variation (even if
localized) will accomplish; whether it will bulge, stretch, or bend the shape or a combination
of those at multiple locations.

The solution is to use localized shape statistics over a medial-based shape representation,
allowing deformations to be further quantified into specifictypes (bending, bulging,
stretching) that are intuitive to the end user. Specifically, medial-axis based 2D shape
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representations enable such deformations by describing the object’s shapes in terms of an
axis positioned in the middle of the object along with thickness values assigned to each point
on the axis that imply the shape of the boundary. Medial shaperepresentations have been
emerging as a powerful alternative (Blum 1973; Dimitrov et al. 2003; Hamarneh et al. 2004;
Hamarneh and McIntosh 2005; Kaleem and Stephen 2008; Pizer et al. 2003; Sebastian et al.
2001; Siddiqi et al. 2002) to boundary based techniques. Statistics on the nonlinear manifolds
of medial representations have been proposed recently (Fletcher et al. 2004).

Furthermore, there are numerous issues common to all of the aforementioned deformable
model-based techniques (explicit, implicit, and statistically constrained). The first is that the
model still requires initialization at some suitable target location of an image, with some
shape, orientation, and scale. Another issue common to all of these deformable model based
methods is that the fitting to image data is typically performed through the minimization of
a particular energy functional or some higher-level, for example user driven, control process
(Hamarneh et al. 2001).

Energy-functional minimization can be carried out in a variety of ways. One solution is
to perform explicit differentiation under the Euler-Lagrange constraints, where each new
application with a modified energy functional must be accompanied by one such derivation.
The result is a set of constraints, which if satisfied, guarantee an inflection point of the
energy functional. The solution is then obtained through a gradient descent process where
the change in the shape model (with respect to an artificial time variable) is equated to the
Euler-Lagrange constraint, i.e. the deformable models comes to rest when the constraints are
satisfied. However, as the number of dependent variables (shape, location, scale, orientation,
etc.) increases as does the complexity of the search space, which often increases the number
of local minima (Figure 1.2) and requires the calculation ofan increasingly large number of
derivatives. Therefore, iterative optimization of local minima-laden energy functionals is an
important issue in medical image segmentation.

As such, there have been a number of recent approaches to obtaining the global optima of
energy functionals (Boykov and Funka-Lea 2006; Boykov and Kolmogorov 2003; Grady
2006; Nikolova et al. 2006). Graph cuts were demonstrated asa global minimization
technique for a popular energy-functional (Caselles et al.1997), that computes a geodesic
on a Riemannian space whose metric is computed from the image(Boykov and Kolmogorov
2003). However, graph cuts have been shown to apply only to a restricted class of energy
functionals (Kolmogorov and Zabin 2004), and their solutions are discrete approximations
to the continuous formulations whose accuracy is dependenton the resolution of the
approximating graph (Boykov and Kolmogorov 2003). Naturally, as that resolution increases
as does their running time. Random walkers were developed ina similar nature, solving
image segmentation as a graph problem wherein the global optimum is obtained to a
particular cost function (Grady 2006). In fact, graph cuts and random walkers have been
shown to be specific instantiations of a single framework (Sinop and Grady 2007). Another
line of work has emerged from the relaxation of the underlying shape model from a non-
convex space to a convex one; thereby defining convex energy functionals which can then be
minimized instead of their non-convex counterparts. The work began in 2006 with a simple
restricted class of functionals (Nikolova et al. 2006), which was then extended to a broader
class in (Bresson et al. 2007), and then finally a similar workappeared in 2008 with the
addition of a shape prior (Cremers et al. 2008). However, restrictions still exist in that the
functionals and the shape priors must be convex when defined over the relaxed space, and
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Figure 1.2 Synthetic toy example of single parameter deformable model withlocal minima. The circular
deformable model’s only parameter is its radiusr. The energy functionF (r) is minimal for the circle with darkest
average intensity. The input image is shown in (a) with the darkest outmost boundary representing the global
minima. In (b) traditional deformable models are initialized ata single point shown in red while GA-based statistical
deformable models are initialized at multiple locations (green) and perform mutations onr. In (c) the GA converges
to the global minima (darkest), while the deformable model gets stuck in a brighter local minima.

that the relaxed shape space must itself be convex. As a consequence, these works are not a
general solution to the problem.

What is, therefore, required is a method that generalizes to alarger class of functionals,
and avoids calculating or estimating the shape model’s evolution equation, while allowing the
exploration of the search space in a manner that still converges towards an optimal solution.
Thus retaining speed by avoiding gradient calculations, allowing the exploration to be carried
out from a variety of initial locations, and enabling it to bedone in a way that reflects the
learned variations of shape in terms of bends, bulges and stretches. GA are an example of
one such method.

Our proposed method utilizes prior knowledge to produce feasible deformations while
also controlling the scale and location of these deformations. Moreover, through the use of
GA, we address the initialization problem, improve resistivity to local minima, and allow
the optimization of highly customizable energy functionals, while avoiding costly derivative
estimations. GA allow us to explore a large number of simultaneous solutions in a very high
dimensional search-space. We take advantage of all these properties of GA and, at the same
time, decompose the shape deformations into intuitive and localized constituents (bulge,
bend, and stretch) that render the results more interpretable by clinicians (e.g. how much
bend was needed in a particular part to fit to the new patient anatomy).

Other works have used GA to drive traditional deformable models (Ballerini 1998,
2001; MacEachern and Manku 1998). Ballerini extends the classical active contour models
(Terzopoulos 1987), by using GA to directly minimize the standard energy functional
(Ballerini 1998). Members of the GA population are hypothetical shape configurations,
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represented by their explicit contour locations. The method was later extended to color
images by using one image energy-cost term per color channel(Ballerini 2001). MacEachern
and Manku presented a similar method using a binary representation of the contour
(MacEachern and Manku 1998). However, these methods are based on classical active
contour models without incorporating prior shape knowledge (aside from simple smoothness
constraints), which makes them prone to latching to erroneous edges and ill-equipped to
handle gaps in object boundaries. In (Hill and Taylor 1992),GA were used with statistically-
based ASMs, where the parameter space consists of possible ranges of values for the pose and
shape parameters of the model. The objective function to be maximized reflects the similarity
between the gray levels related to the object in the search stage and those found from
training. Although this technique applies GA to produce generations of plausible populations
of shapes, the statistically-based deformations are global (over the whole shape) and may
not offer the required flexibility to accommodate for shape variations that are restricted to
particular locations, nor are they intuitively defined (e.g. bulge, bend, stretch) deformations.

Our contribution in this chapter is a new segmentation method that uses GA to address the
typical initialization, local minima problems associatedwith traditional energy-minimization
techniques, while maintaining a statistically feasible shape. Furthermore, the use of a medial
based shape representation provides an intuitive way to control deformations, while localized
statistics restrict the variations and deformations to specific anatomical regions of a shape.
To the best of our knowledge, none of the existing image segmentation techniques evolve a
population of shapes using intuitive, spatially constrained, and plausible deformations, nor
have they employed fitness functions for GA that are customizable for the problem domain.

In what follows we develop our method for medical image segmentation using GA to drive
statistically-based, controlled (location and scale) andintuitive (bend, bulge, and stretch),
deformations towards optimal solutions of a problem-specific energy functional. We describe
how to obtain statistically constrained and intuitive deformations (section 1.1.1), resulting in
a shape representation that allows for statistically constrained deformation types at specific
locations and scales. In section 1.1.2 we present an overview of GA. We detail how we
employ GA to drive our statistically based deformations in section 1.2. Finally, we present
results in section 1.3, and conclude in section 1.4.

1.1.1 Statistically Constrained Localized and Intuitive Deformations

We use our multi-scale (hierarchical) and multi-location (regional) PCA method introduced
in (Hamarneh et al. 2004) on a training set of medial shape profiles computed using 46 mid-
sagittal CC images (Shenton et al. 1992). We will first give anoverview of medial shape
profiles and then proceed to describe how hierarchical regional principal component analysis
(HRPCA) can be applied.

Medial-axis based 2D shape representations enable deformations by describing the object’s
shapes in terms of an axis positioned in the middle of the object along with thickness values
assigned to each point on the axis that imply the shape of the boundary. We therefore describe
the shapes as a mappingx : R → R

4. The domain of which is a parameterm that traverses
the medial axis. Although we use a single primary medial axisin this work, secondary medial
axes are needed to represent more complex structures. The range of the mapping consists of
4 scalar values for eachm, constituting four medial profiles. These are a length profileL(m),
an orientation profileR(m), a left (with respect to the medial axis) thickness profileT l(m),
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Figure 1.3 Top: Example medial shape profiles used to reconstruct the CC. Middle:Anatomically
labeled CC shape reconstruction resulting from the medial profiles. Bottom: Details of outlined
reconstruction showing medial profiles shape representation. Medial nodes shown as white disks, left
and right boundary nodes shown in dark and light gray, respectively. xm, xl

m andxr

m are themth

medial, left boundary and right boundary nodes, respectively.L(m), R(m), T l(m) andT r(m) are the
length, orientation, left and right thickness profile values, respectively(adapted from Hamarneh et al.
(2004)).

and a right thickness profileT r(m), wherem = 1, 2, ..., N ,N is the number of medial nodes,
and nodes1 andN are the terminal nodes. The length profile represents the distances between
consecutive pairs of medial nodes, and the orientation profile represents the angles between
segments connecting consecutive pairs of medial nodes. Thethickness profiles represent the
distances between medial nodes and their corresponding boundary points on both sides of the
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Figure 1.4 Hierarchical regional principal component analysis is a function of the deformation (d), location (l),
and scale (s) (Adapted from Hamarneh et al. (2004)).

medial axis (Figure 1.3-bottom). Corresponding boundary points are calculated by computing
the intersection of a line passing through each medial node in a direction normal to the medial
axis, with the boundary representation of the object. Example medial profiles are shown in
Figure 1.3-top.

These profiles are rotation- and translation-invariant andcapture intuitive measure of
shape: length, orientation, and thickness. Reconstructing the shape after altering these profiles
produces intuitive, controlled deformations: stretching, bending, and bulging, respectively.

In HRPCA, the principal component analysis is a function of the location, scale, and type
of shape profile (length, orientation, or thickness) (Figure 1.4). Hence we obtain an average
medial sub-profile, the main modes of variation, and the amount of variation each mode
explains for each location (loc), scale (scl), and shape profile type.

Global PCA becomes a special case of HRPCA by specifyingloc = 1 andscl = N , where
N is the number of shape variables covering the whole extent ofthe object. Hence we obtain
N modes of variation of lengthN . In general, settingloc = l andscl = s will produces× 1
values, say thickness values for theTr profile, and, as such, result in ans× s covariance
matrix for thes modes of variation of dimensionalitys. Consequently, we can now generate
a statistically feasible stretch, bend, or bulge deformation at a specific location and scale in
terms of the corresponding main modes of variation.

Generally with HRPCA, for a single deformation, location, and scale specific PCA we
obtain the following model of medial profile variations,

pdls = p̄dls +Mdlswdls (1.1)

wherep is the shape profile,d is the deformation profile type,l ands are the location and
scale values of the deformation,p̄dls is the average medial profile,Mdls describes the main
variation modes, andwdls are weights of the variation modes and are typically limitedto±3
standard deviations.
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Note that for any shape profile type multiple variation modescan be activated by setting
the corresponding weighting factors to non-zero values, according to

pd = p̄d +
∑

l

∑

s

Mdlswdls. (1.2)

In summary, varying the weights of one or more of the variation modes alters the length,
orientation, or thickness profiles and generates, upon reconstruction, statistically feasible
stretch, bend, or bulge deformations at specific locations and scales.

1.1.2 Genetic Algorithms

GA are a special form of local search that model our understanding of evolution. In
essence, a number of simultaneous agents (the population) each having an encoded state (the
chromosome) perform a random walk (mutations) around the search space, while forming
new solutions from combinations of existing solutions (crossover) and, thus, adjusting
and refocusing the efforts of the search on exceptionally good areas once located. A few
important choices are made during any application of genetic algorithms, involving how
to encode the population (binary, integer, decimal, etc), how to mutate the population
(mutate all genes, some genes, etc), how to select the parents for crossovers (roulette wheel,
tournament selection), how to perform those crossovers (uniform, single-point), and, finally,
what objective function to use for evaluating the fitness of the members of the population.
Though these choices seem complex, in situations where the energy functional has hundreds
or even thousands of dependent variables and parameters these few choices can yield nearly-
optimal values for all unknown variables and parameters concerned.

1.2 Methods

In this work, we use GA to address the typical initialization, local minima and parameter
sensitivity problems associated with traditional energy-minimization techniques. Moreover,
the medial shape representation provides an intuitive way to synthesize and control
deformations, while HRPCA enables localized statistics thereby localizing the variations and
deformations to specific anatomical regions of a shape (Figure 1.3-middle).

In this section, we describe our representation of individuals, our encoding of the
model into chromosomes (deformation weights) to be optimized, our method of mutating
(deforming) the model, and our fitness function (energy functional to minimize).

1.2.1 Population Representation

In medical image segmentation using GAs, the individuals forming the population represent
potential shapes of the target structure, each having some level of accuracy measured
by the fitness function (section 1.2.4). Consequently, we require a shape representation
consistent across models and capable of intuitive mutations. One straightforward way of
representing shapes is using boundary nodes. However, intuitive aspects of shape variation
(such as bending, thickness, and elongation) can not be easily captured and, therefore, not
properly represented in the mutations, selection and crossover phases. We require a shape
representations that allows us to describe and control the shape deformations intuitively and
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in-terms of our calculated shape statistics. Consequently, we represent each individual by its
associated stretching, bending and thickness profiles along with its global orientation, base
location, and scale (section 1.1.1).

1.2.2 Encoding the Weights for GA

We use chromosomes to represent the set of weights of the principal components as obtained
from the HRPCA, where each gene represents a weight (as a floating point number) for a
particular deformation, location, scale and mode of variation (Figure 1.5-top). In total there
are at most4 ∗N ∗ (N − l + 1) ∗ s weights available for mutation since for each of the four
deformations,d, we haveN different locations, but for each location,l, we can only have up
toN − l + 1 scales,s, each of which has at mosts weights for thes principal components.
In practice, only a subset of thes variation modes are required to explain a large percentage
of the variance (Figure 1.4). In our application,N = 27, adding up to14, 616 dependent
variables for our model, which motivates the use of GA to search the very high dimensional
space.
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Figure 1.5 Segmenting an anatomical structure amounts to finding the optimal set of shape parameters. In our
GA implementation (section 1.2.1) we represent each shape as achromosome with genes encoding affine and
statistical shape deformation parameters (top). Mutation (section 1.2.3) is performed by altering the weights of
the HRPCA (middle). Crossover amounts to swapping a set of weights between two individuals (bottom).

1.2.3 Mutations and Crossovers

As previously discussed, GA use mutations to walk randomly around the search space and
crossovers to initialize search in new locations (locations that exist as some combination of
pairs of current solutions).

With regards to mutations, in order to steer the evolution ina course to fine approach, and,
thereby, facilitate faster initial convergence, we initially constrain the mutations to the affine
transformation parameters: base-node position (translation values)(tx, ty), model orientation
angleθ, and scale values(sx, sy) (Figure 1.5-top). Since our initial shape is the mean CC



Evolutionary Deformable Models for Medical Image Segmentation: A Genetic Algorithm Approach
to Optimizing Learned, Intuitive, and Localized Medial based Shape Deformation 11

(obtained by setting all weights,wdls, to zero), it can be expected to provide a reasonably
strong fitness value when an acceptable position, orientation, and scale are set. In essence,
we eliminate the possibility of getting a low score for a goodlocation, scale and orientation,
simply because of a bad random shape mutation.

With an adequate location, scale, and orientation obtained, we allow the mutations to
produce shape deformations (Figure 1.5-mid). Mutation of asingle gene amounts to altering
its corresponding weight by sampling it from a uniform probability distribution under the
constraint that the resulting weight lies within±2 standard deviations of the corresponding
mode of variation (i.e.±2 times the square root of the explained variance obtained in
HRPCA). Modifying a weight will change the medial profiles and hence the reconstructed
shape boundary (section 1.2.4).

During the initial phases of the evolution, every member of the population undergoes a
random deformation with global scale, and at random amplitudes set in multiples of the
corresponding standard deviations thus resulting in a new shape. The initial constraint to
global deformations is well-suited for our statistical deformations as localized deformations
(say bulging the splenium) will not help until an acceptableglobal fit is obtained.
Consequently, after a set number of generations has passed,we allow the deformations
to begin varying in both position and scale to include, at first, larger deformations (those
corresponding to an entire anatomical region, and, hence, aprimary area of variation), and
then, smaller deformations which amounts to small variations in local regions.

In essence, GA use crossover to combine the information fromtwo existing“parents”
into a single“offspring” , that contains genes from each parent. We used uniform crossover,
which makes an independent random decision for each gene whereunder both parents have
an equal probability of making the contribution.

1.2.4 Calculating the Fitness of Members of the GA Population

Our fitness function is specifically designed for segmentation of the CC, though as noted
in section 1.1 the use of GA allows us to easily adapt the function to any given task,
including both prior shape and image-based knowledge; something traditional deformable
models are not amenable to, and globally optimal energy minimizing models do not allow
for (Kolmogorov and Zabin 2004). For example, we have adopted the fitness function of the
member shapei, Fit(i), to consider the mean and standard deviation of the image intensity
enclosed by the shape’s boundary,Ω, the average edge strength alongΩ, and the anatomical
size of the CC. In particular we use

Fit(i) = αS(i) + β
(

1 − e(
−E(i)
χ )

)

+ φ
(

1 − e(
−η(i)
ϕ )

)

+ δe(
−ψ(i)
ε ) (1.3)

where

S(i) =
|Ωinternal|

Ā
(1.4)

E(i) =
1

|Ω|

∫

Ω

‖∇I‖ (1.5)
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η(i) =
1

|Ωinternal|

∫

Ωinternal

I (1.6)

ψ(i) =

√

√

√

√

1

|Ωinternal|

∫

Ωinternal

(I − η(i))
2 (1.7)

Ωinternal is the space enclosed by the reconstructed boundary,|Ωinternal| is the area of
the space enclosed by the reconstructed boundary (section 1.2.4), |Ω| is the length of the
boundary, and̄A is the average size of the CC, learned from the training set.I is the image of
the CC being segmented, andχ, ε, ϕ are learned edge strength, standard deviation, and mean
intensity from the training data. Hence,S(i) represents the area of shapei, E(i) the average
gradient magnitude along the shape’s boundary,η(i) the mean image intensity enclosed by
Ω, andψ(i) the standard deviation of the image intensity enclosed byΩ. Finally,α, β, φ, and
δ are scalar weights controlling the importance of each term in the segmentation process. The
form 1 − ex in the second and third terms favor high edge gradient alongΩ, and high mean
intensity of the segmented CC, whereas the formex in the fourth term favors homogeneous
intensity (i.e. a small standard deviation).

Shape Reconstruction for Fitness Calculation

In order to evaluate the fitness, the boundary of the shape,Ω, must be reconstructed from the
set of affine parameters and medial profiles specified by the shape weights. To reconstruct
the object’s shape given its set of medial profiles, we calculate the positions of the medial
and boundary nodes from a known reference node at locationx1 = (tx, ty). The next node
at positionx2 = x1 + v1 is specified using an offset vectorv whose angle is specified by
the orientation profile plus the base angleθ, and length is specified by the stretch profile
scaled by(sx, sy). The corresponding boundary nodesxl

2 andxr
2 (Figure 1.3-bottom) are

then orthogonal to the medial axis, at a distance specified bythe thickness profile scaled
by (sx, sy). This process is repeated recursively, generatingx3 = x2 + v2, and so on. For
details see (Hamarneh et al. 2004). Finally, with the medialprofiles like those shown in
Figure 1.3-top as an input, we can reconstruct the CC structure in Figure 1.3-bottom.

1.3 Results

We validate our method through the segmentation of the CC, which is the largest white-
matter tract in the human brain. Specifically, it serves as the primary means of communication
between the two cerebral hemispheres and mediates the integration of cortical processes from
opposite sides of the brain. The presence of morphological differences in the corpus callosum
in schizophrenics has been the subject of intense investigation (Rosenthal and Bigelow 1972).
The CC may also be involved in Alzheimer’s disease (Pantel etal. 1999), mental retardation
(Marszal et al. 2000), and other neurological disorders.

We present qualitative as well as quantitative results of the fully-automatic segmentation
of 46 CC in mid-sagittal MRI (Shenton et al. 1992) using our GAdriven, statistically-
constrained deformable models (Figures 1.6, 1.7). We compare our results to those previously
obtained in (Hamarneh and McIntosh 2005), where statistically-constrained, physically-
based deformations are controlled by a CC specific hand-crafted schedule and initialization
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Table 1.1 Segmentation error comparison

Error mean median min max std

Hand-crafted
(Hamarneh and
McIntosh 2005)

0.1834 0.1706 0.1095 0.4526 0.0576

GA 0.1719 0.1501 0.0732 0.5464 0.0868

Error ε = (S∪M − S∩M)/M is used, whereS and M denote the area
enclosed within the result of the automatic segmentation and the manual expert
delineation, respectively.

Figure 1.6 Two example segmentation results progressing left to right, showing fittestindividual after
automatic initialization (left), global deformations (middle), and local deformations (right). The white
curve is the medial axis.
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Figure 1.7 Plot of generation number versus fitness of the best individual.

method (Table 1.1). Here our use of GA enabled us to obtain superior accuracy without
depending on an application-specific schedule, but rather asimple fitness function; making
our method more accurate and more extensible e.g. as in (Hamarneh et al. 2007).



14 Evolutionary Deformable Models for Medical Image Segmentation: A Genetic Algorithm
Approach to Optimizing Learned, Intuitive, and Localized Medial based Shape Deformation

1.4 Conclusions

We have developed a novel segmentation technique by addressing the main concerns
associated with both traditional and statistically based deformable models. Firstly, by
using GA to address the initialization, local minima and parameter sensitivity problems
associated with traditional energy-minimization techniques. Secondly, our medial shape
representation provides a powerful way to synthesize and analyze deformations thus
decomposing deformations into different types that are intuitively controlled and are more
easily communicated to medical experts than boundary baseddeformations. Finally, our use
of HRPCA enables localized statistics thereby localizing the variations and deformations to
specific anatomical regions, which render the results more interpretable by clinicians and
enable regional statistical analysis.

Furthermore, we have demonstrated how GA can be combined with constrained shape
deformations to effectively explore the search space of a complex energy functional, thereby
incorporating prior-knowledge into the solution while retaining multiple simultaneous
searches of the space. In essence, we have constrained the random-walks of the GA to
lie within the allowable shape domain thus greatly reducingthe search space traditionally
associated with deformable models.

Our method is also extensible to other segmentation problems. Specifically, given a
training set of shapes for a different anatomical structure, one can perform skeletonization
followed by medial profile extraction and, subsequently, HRPCA. Further, the components
of the fitness functions presented here can apply to other anatomical structures, with possible
minor modifications as the application warrants them. Nevertheless, other terms can easily
be added related to texture, colour or other image features.Finally, we are working on
extending these ideas to 3D, where the genes become the weights of 3D shape representation
parameters.

Though other works have used GA to drive deformable models (Ballerini 1998, 2001;
Hill and Taylor 1992; MacEachern and Manku 1998). To the bestof our knowledge, no
other works have combined GA with statistical-based deformations in a way that yields
intuitively constrained deformations, nor have they employed fitness functions well-suited to
the problem domain. Furthermore, by comparison, to iterative, gradient-descent approaches,
our method retains speed by avoiding gradient calculations, allows search space exploration
to be carried out from a variety of initial locations, and enables it be done in a way that
intuitively reflects the learned variations of shape (bends, bulges and stretches).
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