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Introduction

The rapid development of medical imaging technologies brings about a revolution in medicine.
Medical imaging allows researchers and physicians to collect potentially life-saving information of
human body by non-invasive approaches. The role of medical imaging has expanded beyond the
simple visualization and inspection of anatomic structures. It has become a tool for surgical planning
and simulation, surgical navigation, radiotherapy planning, and for tracking the progress of diseases.
For example, precisely knowing the detailed shapes and organization of anatomic structures enables
surgeons to plan an optimal approach to some target structure in advance. In radiotherapy, medical
imaging allows the delivery of a dose of radiation to a tumor with minimal collateral damage to
healthy tissues.

With medical imaging playing an increasingly prominent role in the diagnosis and treatment of
diseases, the medical image analysis society has to face the challenge of extracting clinically useful
information about anatomic structures imaged through US, CT, MR, PET, and other modalities.
Advanced imaging devices provide exceptional views of internal anatomy, while the computer-aided
analyses these embedded structures further provide quantitative information about them. Accurate,
repeatable, quantitative data will efficiently support the biomedical investigations and clinical
activities from diagnosis, radiotherapy, to surgery.

Magnetic resonance imaging (MRI) is playing more and more important roles in clinical uses due
to its high spatial resolution and its good discrimination of soft tissues. Advanced applications that use
the morphological contents of MRI frequently require segmentation of the imaged volume into tissue
types, i.e., gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF). There are several
major reasons for doing MRI brain tissue segmentation: multimodality image correlation, 3D
visualization (neurosurgical planning, brain mapping...), volume quantification, and their clinical uses
such as tumor and lesion detection. Manual delineation of the three brain tissues (WM, GM, CSF) in
MR images by an expert is too time-consuming for studies involving larger datasets. In addition, the
lack of clearly defined edges induces large intra- and inter-observer variability, which deteriorates the
significance of the analysis of the resulting segmentation, thus calling for automatic segmentation
methods. The research goals in this thesis are to develop an automatic segmentation method to:

(1) extract the brain volume, and

(2) segment brain tissues into gray matter, white matter, and cerebrospinal fluid.

Brain volume extraction is a difficult problem in cerebral MRI. Automated and reliable tissues
segmentation is complicated by the overlap of MR intensities of different tissue classes (partial
volume effects) and by the presence of spatially smoothly varying intensity in-homogeneity. Many

automated or semi-automated approaches for tissue segmentation in brain images, using T1-weighted
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or multispectral MR data have already been proposed. The trend in the literature has been favoring the
use of Tl-weighted data which is capable of providing higher resolution data without increasing
acquisition time and still maintaining good tissue contrast and low noise.

Quantitative brain measurements have contributed to the study of developmental language
disorders and autism, Alzheimer’s disease, dyslexia, attention deficit hyperactivity disorder,
schizophrenia, multiple sclerosis, Huntington’s disease, obsessive compulsive disorder. Precise
delineation of cortical parcellation units can be used to locate active brain regions in functional
neuroimaging studies, and localization of white matter parcellation units is useful for treatment
planning for brain damage such as that caused by stroke.

The characteristics of ambiguity, uncertainty, the complexity and variability of the anatomic
shapes in MRI images, together with artifacts, spatial aliasing, and noise introduced during the
acquired procedure make it hard to accurately segment these cortical brain tissues. Traditional
low-level image processing techniques which consider only local information can generate infeasible
object boundaries. Deformable models are capable of accommodating the often significant variability
of biological structures over time and across different individuals. The deformable models possess of
the ability to segment, match, and track images of anatomic structures by considering both the
constraints derived from the image data the a priori knowledge about the location, size, and shape of
these structures.

In this dissertation, we employ the non-parametric deformable models integrating statistical
information or fuzzy information of images to segment the brain matter into different tissue types,
from multi modalities of MRI images: T1-weighted, T2-weighted and PD-weighted. According to the
topics mentioned above, the research work discussed in this dissertation mainly focuses on:

1. model based on intensity distribution of the MRI images via the mixture Gaussian model
(MGM). Estimation of the parameters of MGM is firstly performed by using the Expectation
Maximization (EM) algorithm. Then the estimated parameters are used to guide the evolution of the
level set curves to achieve the brain tissues segmentation.

2. an improved algorithm to region-based geometric active contour, which solves the underlying
stability problem associated with the original algorithm. The algorithm is extended to segment brain
tissues into GM, WM and CSF classes from different modalities of MRI images.

3. an adaptive level set algorithm to segment the brain tissues, which integrates the fuzzy
information into the framework of the geometric active contour.

4. a multiclass algorithm based on level set algorithm, which reduces the computational

complexity compared to the existing multiphase algorithm, so speeding up the convergence rate. The
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algorithm uses a set of ordinary differential Equations (ODEs) allowing to provide accuracy
segmentation results with good robustness to against noise.
The dissertation is organized around these methods that I developed:
Chapter 1 -- MRI Image Segmentation and Evaluation Criteria: state of the art
- Presentation of recent segmentation methods of MRI images existing in the literatures and
some usually used evaluation criteria.
Chapter 2 -- Histogram Analysis based Non-parametric Deformable Model
- Proposition of a deformable method based on histogram analysis.
Chapter 3 -- Regional Non-parametric Deformable Model
- An improvement of a method based on non-parametric deformable model.
Chapter 4 -- Multiclass Algorithm for MRI Image Segmentation
- Proposition of a new multiclass segmentation based on deformable models

Conclusions and Perspectives

-1 -
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Chapter 1 MRI Image Segmentation and Evaluation Criteria: state of the art

At the beginning of this section, we briefly introduce the magnetic resonance imaging and the
modalities of MRI images. Magnetic resonance imaging (MRI) is a noninvasive medical imaging
technique providing rich information about the human soft tissue anatomy. It has several advantages
over other imaging techniques enabling it to provide data with high contrast between soft tissues [1]
[2].

In MRI images, the soft-tissue contrast can be widely manipulated. In a typical image acquisition
the basic unit of each sequence (i.e. the 90° - 180° -signal detection) is repeated many times. By
altering the echo time (TE) or repetition time (TR) the signal contrast can be altered or weighted.
Generally, T1-weighting requires short TE and short TR, while T2-weighting requires long TE and
long TR, and PD-weighting requires short TE and long TR.

MRI images have a number of features. First, they are statistically simple: MRI images are
theoretically piecewise constant with a small number of classes. Second, they can have relatively high
constant between different tissues. Unlike other medical imaging modalities, the contrast in an MRI
image depends strongly on the way the image is acquired. By altering radio-frequency and gradient
pulses, and by carefully choosing relaxation timings, it is possible to highlight different components in
the object being imaged and produce high-contrast images. These two features facilitate segmentation.
However, ideal imaging conditions are never realized in practice. The piecewise constant property is
degraded considerably due to the electronic noise, intensity inhomogeneities in the RF field and the
partial-volume effect. Moreover, MRI images are not always high-contrast. Many T2-W and PD-W
images have low contrast between GM and WM. Therefore, it is important to take advantage of useful
data while at the same time overcoming these potential difficulties.

Secondly, we review the segmentation techniques of the MRI images. Image segmentation
approaches can be classified based on the features and the type of technique used. Features can be
pixel intensities, gradient magnitudes, or measures of texture. In this dissertation, we roughly classify
the brain segmentation algorithms into one of the groups: edge-based, region-based, clustering-based,
level set based and others.

In edge-based segmentation approaches, the resulting segmented image is described in terms of
the edges or boundaries between different regions. Edges can be detected with a large number of
different edge operators [3]. The most used ones are the LoG (Laplacian-of Gaussian), Sobel, Prewitt,
Canny [4], and Roberts. Due to image noise, some smoothing operation is generally required as
pre-processing, and the smoothing effect consequently blurs the edge information. However, the

computational cost is relatively lower than other segmentation approaches. Another edge detection
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technique which has rapidly gained popularity in recent years is referred to as active contours or
snakes. Snakes were introduced by Kass, Terzopoulos et al. [5, 6], and further developed by Cohen [7]
and Xu et al [8, 9].

Region-based segmentation techniques divided an image into regions, based on some
homogeneity properties. Often used region-based techniques are region-growing [10], split-and merge
[11], and hierarchical segmentation methods [12]. Region-based approaches are generally less
sensitive to noise, and usually produce more reasonable segmentation results as they rely on global
properties rather than local properties, but their implementation complexity and computational cost
can be quite large.

Cluster analysis is an important technique in the rapidly growing data-analysis field and is being
applied in a variety of engineering and scientific disciplines such as biology, psychology, medicine,
marketing, computer vision, and remote sensing. Cluster analysis is a tool for exploring the structure
of the data that does not require the assumption common to most statistical method. It is called
“unsupervised learning” in the literature of pattern recognition and artificial intelligence [13].

Three commonly used clustering algorithms are the K-means algorithm [14], the fuzzy c-means
(FCM) algorithm [15, 16], and the expectation-maximization (EM) algorithm [17-21]. The K-means
clustering algorithm clusters data by iteratively computing a mean intensity for each class and
segmenting the image by classifying each pixel in the class with the closest mean. The FCM algorithm
generalizes the K-means algorithm, allowing for soft segmentation based on fuzzy set theory. The EM
algorithm applies the same clustering principles with the underlying assumption that the data
following a Gaussian mixture model. It iterates between computing the posterior probabilities and
computing maximum likelihood estimations of the means, covariances, and mixing coefficients of the
mixture model.

The level set method for capturing moving fronts was introduced by Osher and Sethian [22] in
1987. Over the years, the method has proven to be a robust numerical tool in diverse collection
problems. Applications range from capturing multiphase fluid dynamical flows, to graphics, to
visualization, image processing, epitaxial growth, computer vision and many others [23-26]. It is not
hard to seek an application of the level set method for image segmentation, since boundaries and level
contours are fundamental objects in image processing science. In recent years, level set based
segmentation methods are widely used in brain MR images. The applications include the segmentation
of the brain tissues, the anatomical structures, and the tumor and lesions [27-29].

Thirdly, we introduce the deformable models and detail their advantages and disadvantages. The

deformable model that has attracted the most attention to date is popularly known as “snakes”. Snakes
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or “deformable contour models” represent a special case of the general multidimensional deformable
model theory of Terzopoulos.

Deformable models are object-delineating curves/surfaces that deform within two-dimensional/
three-dimensional digital images under influence of both internal and external forces and used defined
constraints. Deformable models are classified as either parametric deformable models (classical
deformable models) [5] or non-parametric deformable models (geometric deformable models) [30, 31]
according to their representation and implementation. In particular, parametric deformable models are
represented explicitly as parameterized curves/surfaces in a Lagrangian formulation. Non-parametric
deformable models are represented implicitly as level sets of higher-dimensional distance functions,
which evolve according to an Eulerian formulation. Non-parametric deformable models are based on
the theory of curve evolution implemented via level set techniques.

The classical deformable models are formulated by minimizing an energy functional that takes a
minimum when contours are smooth and resided on object boundaries. Solving the energy
minimization problem leads to a dynamic equation that has both internal and external forces. The
internal forces control the strength of the contour’s elasticity and rigidity. The external force is
designed to pull the active contour towards object boundaries or other features of interest.

Parametric deformable models have proven to be effective in segmenting, matching, and tracking
anatomic structures by exploiting constraints derived from the image data together with a priori
knowledge about the location, size, and shape of these structures. Deformable models are capable of
accommodating the significant variability of biological structures over time and across different
individuals. Furthermore, they support highly intuitive interaction mechanisms that, when necessary,
allow medical scientists and researchers to bring their expertise to bear on the model-based image
interpretation task.

Non-parametric deformable models have several important advantages over parametric
deformable models. First, they are completely intrinsic and therefore are independent of the
parameterization of the evolving contour. Second, the intrinsic geometric properties of the contour
such as normal vector and curvature can be easily computed from the level set functions. Third, the
propagating contour can automatically change topology in non-parametric models (merging and
splitting) without requiring an extra mechanism to handle such changes as in parametric models.
Finally, the resulting contours do not contain self-intersections, which are computationally costly to
prevent in parametric deformable models. Topological flexibility has long been clamed as a major
advantage of non-parametric deformable models over parametric deformable models. Such flexibility

is desirable in our applications.
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Finally, we discuss the evaluation criteria of segmentation algorithms and performance indexes
used in our quantitative analyses on the segmentation results. The objective of the segmentation
evaluation is to optimize the segmentation via the researching the segmentation performance of the
algorithms. Segmentation algorithms can be evaluated analytically or empirically, so the evaluation
methods can be divided into two categories: the analytical methods and the empirical methods [32].
The analytical methods directly examine and assess the segmentation algorithms themselves by
analyzing their principles and properties. The empirical methods indirectly judge the segmentation
algorithms by applying them to test images and measuring the quality of segmentation results. The
empirical methods can still be classified into two types: goodness methods and discrepancy methods.
The empirical goodness methods judge the segmented image or output image so as to indirectly assess
the performance of algorithms. The empirical discrepancy methods compare the segmented image or
output image to the reference image and use their difference to assess the performance of algorithms.

As there is no general segmentation theory currently, the empirical methods are more suitable and
useful than the analytical methods for performance evaluation of segmentation algorithms. Among
empirical methods, the discrepancy methods are better for objectively assessing segmentation
algorithms than the goodness methods. In this dissertation, we adapt the quantitative discrepancy
method to evaluate the quantizing segmentation results. The quantizing indexes include the sensitivity,
specificity, total performance [33], similarity, false positive rate, and false negative rate [29] etc.
These indexes reflect the segmentation performance of the under investigation algorithms in different
visual angles.

The MRI images used in this dissertation are mainly downloaded from Internet Brain
Segmentation Repository (IBSR) [34] and Brainweb [35]. In these databases the manual segmentation
results of experts or the discrete models are provided simultaneously, which is convenient for users to

evaluate their algorithms.
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Chapter 2 Histogram-Analysis based Non-parametric Deformable Models

In this chapter, I present a non-parameter deformable model integrating the statistical information
derived from the histogram analysis of the image, which is the first method developed for the
segmentation of MRI images as part of my thesis.

2.1 Geometric active contour

Caselles and Malladi et al. [31, 37] proposed the geometric active contours models, whose partial

differential function has the formulation as follow:

§§=an@+Knvm, @.1)

where ¢ is the signed distance function, c is a constant, and X is the mean curvature.

The stopping term g(7) is defined as
1

g() :W’ (2.2)
where G_ is Gaussian function with scale o, *is the convolution operator.
Equation (2.1) can also be rewritten as follow:
% e F ()| Ve, 23)

where F(K)=1-¢K is called as curvature depended speed term, & is an user defined constant, which
controls the smoothness of the evolving curve.
2.2 Improvement

In an original geometric active contour, the stopping term is critical. It usually depends on a
function of gradient of Gaussian smoothed image. On the one hand, since the gradient values of image
within the homogeneous regions tend to zeros, the stopping term tends to unit 1. In this case the curves
propagate with the constant speed in the normal directions. While at the boundaries, the gradient
values tend to infinite, the stopping term tends to zero, and consequently the curves evolving stops.
However, with real images, the stopping term is never truly zero at boundaries. Thus, the propagating
curve can’t stop at the boundaries and only evolves very slowly, which consequently results in the
leakage of boundaries. On the other hand, the Gaussian smoothing used in the classical stopping term
will blur the image and shift boundaries, which will reduce the accuracy of boundaries locating.

For solving above problems, statistical information based stopping function is adopted. That
allows to remove the depending upon the gradient information of image of the original geometric
active contour, and also overcome the limitation of accuracy of boundary locating due to Gaussian
smoothing operation. In addition, the curves can propagate in both directions (inward and outward) of
the normals, while the classical geometric active contour can evolve only in either inward or outward

direction, and also should be predefined. Consequently, the new algorithm can get better robustness

- VIII -



ABSTRACT

and higher segmentation accuracy than classical ones. The statistical information is derived from the
analysis of intensity histogram of image.

The gray-level histogram is a function showing for each gray level the number of pixels in the
image that have that gray level. The histogram of image contains considerable information; certain
types of image are completely specified by their histogram. Normalizing the gray-level histogram by
dividing the area of the image produces the probability density function (PDF) A(z) .

Generally, the image with complex object and background usually has a multimodal histogram.
Using a mixture density function, the histogram can be represented as a mixture parametric density
functions. Each tissue type is modeled by a Gaussian distribution with the mean determined by the

peak position and the variance determined by the width.

The probability density function of this mixture Gaussian model (MGM) [38] can be described as

K
P =) ANCG|40) 24)

There are two approaches to estimate the probability density function: parametric and non-
parametric methods, that depends on the methods to represent the mixture density function. In the
proposed algorithm, we employ the Expectation Maximization (EM) algorithm to estimate the mixture
parameters (mixture proportion 4., mean g, and the standard deviationo;) of each component in

MGM.

The new model is formulated as:

%: a(I)(1-eK)|Vu| (2.5)

where the constraint function «(/)is defined as follow:

ay=y - TR (2.6)
-1 Ig¢R,’

and R, = [, — 2,0, 4, + 4,0, ] corresponds to the object region in the histogram represented by the k"

Gaussian component.

The Histogram analysis-based non-parametric deformable model:

1. Image preprocessing
2. Approximation the normalized Histogram with mixture Gaussian model to obtain
parameters {4,, 1;,0;} .

3. Generation the constraint function (/) using {#;,0,} .

4. [Initialization the level set function ¢, (x, y,0) = ¢, ,(x, ») , evolve the curves until convergence.

5. Extraction the segmented objects, and morphological postprocessing.

-IX -
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The new algorithm is firstly applied to segment a synthetic image. The image contains some
shapes of concave, convex, corner and arcs features, etc. Fig. 2.1 shows the effects of the Gaussian
smoothing operation on the segmentation results obtained by the classical geometric active contour
(GAC) and ours. Our method obtains the accuracy positions of boundaries whatever initialization
approaches. A comparison study is carried out through synthetic images to illustrate the performance

of our method by statistical indexes shown in Table 2.1.

(a) (b) (© (d)

(e) ® (2)
(1) W)

(k)

Fig. 2.1 Experiments on the synthetic image. GAC (Geometric Active Contour) segmentation results shown

in (b) and (d) with the initial curve inside (a), and outside (c) respectively; segmentation results of our
method shown in (f) and (h) with an arbitrary initial curve (e) and multi-initial curves (g), respectively; (i)

and (j) are the selective enlargements of (b) and (d) respectively; (g) the selective enlargement of (h)

Table 2.1 Comparison of the segmentation accuracy of two algorithms

initialization approach internal external
indexes error pixels error rate (%) error pixels error rate (%)
GAC 231 13.48 386 22.64
Our method 0 0 0 0
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We secondly evaluate the new algorithm with the simulated MRI image. The test set includes ten
simulated MRI images extracted from different data volumes. Multi-seeds initialization approach is
used in this experiment. Fig.2.2 shows the segmentation results and corresponding quantitative
measures are shown in Table 2.2 and Table 2.3.

It can be seen from Table 2.2 and Table 2.3, in the WM segmentation, all the indexes are superior
to 97%. In the CSF segmentation, except the sensitivity index, the specificity and total performance
indexes are around 98%. Small standard deviations indicate the good segmentation coherence of our
algorithm. Our result (average sensitivity is 91.78%) outperforms the results in reference [39] (average
sensitivity is 84.60%). Although the adapted MR image is different in both algorithms, it still

demonstrates the good performance of our algorithm in some degree.

(b)
Fig. 2.2 Experiment on simulated MRI image. (a) Original image and gold standard (from left to right:
T1W, WM, GM and CSF); (b) Segmentation results of the our algorithm (from left to right: WM, GM and
CSF)

Table 2.2 Statistical indexes (%) of segmented results of ten images

Image index 1 2 3 4 5 6 7 8 9 10
Sensitivity 97.82 9376 94.18 9463 93.6 9437 9344 9425 9401 97.11
specificity 97.75 9698 97.85 97.55 97.16 9743 9754 9751 9751 97.90

Total performance 97.82 96.63 9747 97.17 96.75 97.11 97.17 97.09 97.06 97.89

- XTI -
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Table 2.3 Average performances (mean + sd) of segmentation results of ten images in term of tissues

Indexes (%) WM GM CSF AVG
Sensitivity 97.02£1.01  95.35+1.26  91.78+2.52 94.72
specificity 97.90£0.22  96.45+0.51  98.20+0.24 97.52

Total performance  97.71£0.31  96.23+0.62  97.72+0.32 97.22

Fig. 2.3 shows the segmentation procedure of a real MRI image. Fig 2.3 (b) and (c) show the
histogram of image and the Gaussian fitting to it. WM and GM segmentation results are shown in Fig.
2.3 (d) and (e) respectively. The parameters estimated via EM algorithm are shown in Table 2.4. The

radiologists confirm the segmentation results by visual inspection.

3000 T : 0.05

Normalized Histogram
==ss===== Fitting Curves

2500+

2000 |

1500} ] 0025

1000 |

0 s 150 200 250

(b) (c)
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50 100 150 200 250 50 100 150 200 250
(d) (e)
Fig. 2.3 Segmentation results of a real MRI image: (a) MR image; (b) histogram; (c) fitting curve;

segmentation results of (d) gray matter and (e) white matter.

Table 2.4 Characteristic parameters of the histogram analysis

Cluster u; o, 4;
1 0.30268 1.7198 0.72145
2 31.024 7.5439 0.13789
3 59.146 6.3074 0.14066

2.4 Conclusion

This chapter presents our first work to segment MRI images. The new algorithm adopts the
statistical information derived from the intensity histogram of image instead of the classical
gradient-based stopping term. The constraint term based on global statistical information improves the
accuracy of the boundary locating and the segmentation quality, while eliminating the overly relying
of the classical geometric active contour on the gradient information of the image. The algorithm can
adaptive adjust the directions of the curve propagation during the evolution, while in the classical
geometric active contour the curve can evolve only in one direction (inflating or deflating) and the
evolving direction has to be predefined. This property reduces the manual intervention, and makes the
initialization of the algorithm more flexible and convenient for user. It also improves the robustness of
the algorithm to the initial condition, avoids the algorithm converging to the local minima.

Experiments on synthetic image and simulated MRI images are carried out to evaluate the
algorithm. The quantitative analyses indicate the good segmentation performance of the algorithm.
However, the relative low sensitivity index indicates the over segmentation of the CSF. We think the
cause of the over-segmentation maybe is that the CSF location at the external of the brain matter or in

the lateral ventricles with thin-long and convoluted shape. In our experiments, we dilate the binary
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segmentation results with two-pixel structure. That improves the segmentation performance of CSF.
Another problem is the Gaussian approximation to intensity histogram. The accuracy of
approximation affects the segmentation performance of the algorithm. Ongoing works include the
improvement in both problems.

In the next chapter the second method is proposed which is based on the region information; the
fuzzy information provided by the fuzzy analysis on the image is integrated into the non-parametric

deformable model.
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Chapter 3 Regional Non-parametric Deformable Models

In this part, we present an improved algorithm based on the Region-based Geometric Active
Contour (RGAC) of Suri [27].

Suri proposes the algorithm of region-based Geometric Active Contour (RGAC) by replacing the
second continuity term of the parameterized curve with the pressure force term in the classical snake
model [5].

If¢is a signed distance function or level set function, the partial differential equation (PDE) of

the RGAC algorithm formulates as follow

%:(£k+Vp)|V¢|—VeX1.V¢, (3.1)

where 7 is the regional force term, kis the mean curvature, ¢is a positive constant, which controls

the smoothness of the evolving fronts, and V_, is the external force term.

ext

Suri discretizes (3.1) using the forward Euler method given by

B =L, — AV, (6, 0) 4V g (2, 9) = Vi (1, )} (3.2)

where V,,(x,y) is the gradient-based term, V, (x,y) is the curvature-based velocity term,

cur

Ve (,9)=V,(x,»)| V@] is the region-based velocity term, V,is a function of the membership set

u(x,y), and is defined as

2]

— R, AeR". 3.3)
A(l=2u(x, y))

V. (x,y)=

3.1 An improved Region-based Geodesic Active Contour

3.1.a Principles

The RGAC algorithm includes three velocity terms: i.e., the gradient-based velocity term, the
curvature-based velocity term and region-based velocity term. We find severe limitations of the
algorithm when it is used to segment brain tussues: the segmenting performance greatly varies with
the various tissues to be segmented, even with different slices of the same brain volume, and the

algorithm sometimes diverge, which reveals the underlying problems of the robustness and stability.
In the original RGAC algorithm, the velocity term is presented by V,(x,y) =@,/ (A0 -2u(x,»))) >

where @, =0.5, 1 =1. A discontinuity point of the second kind occurs atu(x,y)=0.5.

Equation (3.2) can be rewritten as

%+(V

= VIV V) =D i = ek vy, (3.4)

ot
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where bothV, [Vé|andV, -V¢ are hyperbolic term, while &k |V¢|is a parabolic term. When the

Xt

algorithm is implemented by level set methods, the hyperbolic term and the parabolic term need to be
discretized using upwind difference and central difference respectively. Forward Euler or Runge-Kutta
(RK) time discretization can be used to advance the front forward in time. According to reference [35],
the combined Courant-Friedreichs-Lewy (CFL) condition for equations that contain both hyperbolic

and parabolic terms is given by:

A{|Hl|+|Hz|+|H3|+2|sz|+2|ez|+2|ezj<1, (3.5)
A Ay A A @) (8)

where H,, H,and H, are the partial derivatives of H with respect tog,, ¢, and ¢, respectively,

Ax ,Ay and Az are the space step in x, y and z directions of three-dimensional (3-D) image volume.

Combining with (3.4) and (3.5), a two-dimensional (2-D) CFL condition can be written as

, ¢,
g Tl D STl
At + + >+ > (3.6)
Ax Ay (Ax)” (&)
LetN = |$;5| and N, = | quﬁ R where N _and N are the components of the unit normal vector N

in x and y directions respectively, and with the constraint N} + N} =1.

So we have the following equation:

V,N, —Veul 2] | 2]¢]
+ + o+ >
Ay (Ax)” (Ay)

VN, =Veu |
At -max| —L . =a, O<a<l. (3.7)

When u — 0.5, V, =, / AR, (x,y) > +w0 or —0 , then max(s) >0 . If and only if Az—0 the

equation (3.7) satisfies the requirement of the CFL condition. IfAstakes a finite small value, such as
0.01 or 0.001, the CFL condition can not be satisfied. So a convergent result will not always be
achieved under the condition of the original regional term (3.3).

Considering the underlying stability problem of the original algorithm, we propose to modify the

velocity term ¥, as
V,(x,y) = o -(1-2u(x, y)), o, eR". (3.8)
Firstly, from the view point of stability, in (3.8), V, €[~@,®;]. The stability of the algorithm is

ensured by tuning the time-step. Secondly, the sign of V, determines the direction of the curve
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evolution (expanding or contracting), while the value ofV, , together with other two terms, determines

the speed of the curves propagation.

For the spatial discretization, the hyperbolic term and the parabolic term are discretized by using
upwind difference and central difference respectively [40]. For the temporal discretization, we adopt
the third-order accurate total variation diminishing (TVD) Runge-Kutta (RK) method to increase the
accuracy [35].

3.1.b Experiment results

(h)

Fig. 3.1 Segmentation results of T1-weighted image: (a) original image; ground truths of the three tissues
(b) WM, (c) GM, and (d) CSF; segmentation results of original RGAC algorithm (e) WM, (f) GM, and (g)
CSF; segmentation results of the improved algorithm (h) WM, (i) GM and (j) CSF.

We evaluate the improved algorithm with simulated T1-, T2-, and PD-weighted MRI images by

comparing to the original RGAC. Fig. 3.1 shows one of the segmentation results. The statistical

indexes (similarity index p, false positive ratior;, and false negative ratior, ) on the ten successful
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segmentation results are shown in Table 3.1. Fig. 3.2 and Fig. 3.3 show the segmentation results of
one of PD-W and T2-W MR images. We overlay the contours of the segmented images on the original
images, allowing to inspect the results visually. The statistical indexes of the segmentation results are

shown in Table 3.2.

Table 3.1. Statistical indexes (%) on ten images segmented by RGAC and our algorithm

Method Tissue P Tt Tty iterations
CSF 60.04 59.80 30.89 85.5
. ) GM 85.33 18.68 11.47 160.4
Suri algorithm

WM 86.35 24.24 5.46 188.1
average 77.24 34.24 15.94 144.7

CSF 84.88 24.74 7.76 9.8

GM 91.23 14.54 3.83 22.0

Our method
WM 94.53 9.29 2.00 14.1
average 90.21 16.19 4.53 153

(a)

Fig. 3.2 Segmentation results of PD-weighted image: (a) original image; segmentation results of our
method (b) WM and (c¢) GM; (d) ground truth.

Fig. 3.3 Segmentation results of T2-weighted image: (a) original image; segmentation results of our
method (b) WM and (c¢) GM; (d) ground truth.
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Table 3.2 Statistical indexes (%) of the segmentation results in Figure 3.2 and Figure 3.3

GM WM
1% 7 fp " P 7 fp " fn
Fig. 4.2 94.02 7.18 491 97.17 3.27 2.41
Fig. 4.3 91.54 4.00 12.23 97.36 4.97 0.43
el S8 009606900006 oy £33 MARER RSN :""“

00002000
O.07[ MM +++4++tbb bbb bbb bbbbbbb ok g bbb g, L B e o SRR 4 2? 2?2

oo bl Ll e 0.94 —— WM

0935 ++--- CSF 0935 - CSF 093 -%-- CSF
+AVG +AVG + AVG |

Fig. 3.4 Total performance vs. parameters (¢, ®,andw,)

We take different parameter values to test their effect on performance of our proposed algorithm.

Fig.3.4 plots the total performance indexes of different tissues with respect to parameters ¢ ,w, and w,
respectively. It can be seen from Fig. 3.4 that the performances of WM and GM segmentation is less
sensitive to parameters ¢ and w,, and maintain almost unvaried in a certain extent with respect to
parameter @, . The segmentation performance of CSF has a slight change with respect to these
parameters. Generally, the algorithm is less sensitive to the parameters of ¢, w, and w, .

Fig. 3.5 shows the real T1-weighted MR images (20" slice) and their segmentation results of our
method and the piecewise constant (PC) model [41], which is proposed by Vese and Chan for
multiphase segmentation. The corresponding statistical indexes are shown in Table 3.3. Experiments
on slices 90 and 100 are also carried out and the statistical indexes are also shown in Table 3.3. It can

be seen from the statistical results that the generally the segmentation performances of our method

outperform those of the PC algorithm according to the indexes of similarities and total errors (r,, +r,,).

At the same time, our method needs less iterative numbers and takes shorter time (on notebook PC

with T9300 CPU and 2G RAM).
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800 1000 1200

Fig. 3.5 Real MR image segmentation (20th slice): (a) original image, (b) ground truth, (c) energy-function
convergence curve of PC model, segmentation results of our method (d) gray matter and (e) white matter, (f)

segmentation result of the PC model.

Table 3.3 Statistical indexes of the segmentation experiments on MRI images

GM WM iteration  elapse

.. : r, .
slice index P " fn P " /1 number time (s)

20 0.9007  0.0090 0.1733 0.7953  0.4997 0.0101 1078 214.50
PC 90 0.9180 0.0232  0.1320 0.9011  0.2093  0.0083 1524 311.47
100 0.9548 0.0002  0.0864 09178 0.1787  0.0003 1867 378.47

20 0.9502  0.0077 0.0879 0.8933  0.2005  0.0309 26 15.53
our method 90 0.9489 0.0270  0.0729 0.9476  0.0849  0.0231 22 10.38
100 0.9748  0.0055 0.0439 0.9601 0.0576  0.0236 23 11.90

Fig. 3.6 shows the segmentation results of a real MR image (93™ slice) of our method and PC
model. In Fig. 3.6 (b), the result of the PC model, GM at the positions of A and B is segment to WM
incorrectly, while the corresponding parts in Fig. 3.6 (f), the result of our results, are segment correctly.
Statistical indexes of each segmentation result in Fig. 3.6 are shown in Table 3.4. We also show the

statistical indexes of the same experiment on this image of the MFCM algorithm [34].
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It can be seen from Table 3.4 that, the total errors (7, +r, ) of our method are 7.65% and 8.45%

for GM and WM respectively, which are significantly better than those of the PC model (18.07% and

28.01% for GM and WM respectively) and the MFCM algorithm (15.92% and 11.79% for GM and
WM respectively).

(d) (e)

()
Fig.3.6 Real MR image segmentation: (a) original image and initial curves of the PC model, (b)

segmentation result of the PC model; (¢) the manual segmentation result; original image and initial curves

(d) and segmentation results (¢) WM and (f) GM. of our method.

Table 3.4 Performance indexes (%) for different methods applied to the real MR image in Fig. 3.6
GM

WM
Yo " ¥ % T " fn
PC model 90.07 0.00 18.07 87.71 28.01 0.00
Wangetal [8]  91.58 2.48 13.44 94.22 7.92 3.87
Our method 96.03 0.23 7.42 95.92 7.78 0.67

We also apply our algorithm to segment the whole data volume (IBSR 18) [35]. The average
similarity indexes of the whole volume are shown in Table 4-5. Our average similarity indexes of WM
and GM in this volume are 82.91% and 89.90%. Wang et al reported that their average similarity
indexes of this volume are 75.98% and 81.90% for WM and GM segmentations respectively.
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In Table 3.5, we also show the segmentation results of other IBSR volumes (IBSR 14 to

IBSR _17). Generally, the similarity index p >70% indicates an excellent segmentation. The similarity
indexes in Table 3.5 indicate the good performance of our method. In Fig. 3.7, we show the 3-D

reconstruction results for white matter of volume IBSR 14 using the reconstruction tool.

Table 3.5 Average similarity indexes (%) of experiments on IBSR data volumes

IBSR No. 14 15 16 17 18
GM 87.24 87.36 88.97 85.83 89.90
WM 81.81 80.62 80.50 78.54 82.91

Fig. 3.7 Reconstruction 3D of the obtained WM of IBSR 14 data volume

3.2 Adaptive Level Set Algorithm Integrating the Fuzzy Segmentation
3.2.a Principle

The fuzzy segmentation could retain more information from the original image than hard
segmentation by taking into account the possibility that more than one tissue class may be present in a
single pixel (partial volume effect). In the second section of this chapter, we propose an adaptive level
set algorithm, where the fuzzy region indicator is used in replace of the stopping term in the classical
geometric active contour. Theoretically, the gradient-based stopping term takes the unit value due to
the zero gradients in the homogeneous regions, while takes the zero value at edges where gradient is
considered infinite. Due to limitations of the imaging system, noises, inhomogeneous magnetic field,
partial volume effect and the diversity of the biological tissues make the boundaries between different
tissues illegible. Hence the stopping term never takes zero exactly at the real edges, and the evolution
will not stop. The front may pass through boundaries and consequently results in leakage. Moreover,
the GAC method itself suffers from the limitations of excessively relying on the gradient information

of image data, and being sensitive to noise.
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We propose the new membership based constraint term as follows:

f(un):a)R'Sign(l_zun)5n:1925'”sca (39)

where sign(-) is the sign function; and e, is the user defined constant.
So the improved geometric active contour integrating the fuzzy segmentation can be

formulated as:

% Fw)-2K) |V, (3.10)
The sign of f(u,) determines the evolution directions, while the absolute value determines the
speed of the interface propagation in a great extent.
The multi-seed initialization approach is used here because it not only minimizes the sensitivity
of the algorithm to the initial condition, but also speeds up the convergence, as well as limiting the
risks of convergence of the minimization to local minima.

3.2.b. Experiments and validation

Fig. 3.8 Experiment results on simulated MR image. Top row: original image and the ground truth of the
three tissues: WM, GM and CSF; Bottom row: initialization and segmentation results WM, GM and CSF of

the proposed method.

Fig. 3.8 shows one of the segmentation results of the simulated MRI images with the proposed
method. Comparing with ‘ground truth’, the segmentation results in bottom row of Fig.3.8 are visually
satisfied, especially the gray matter segmentation, the fine profiles of the lateral ventricular are clear,
intact and perfect. Table 3.6 shows the average performances (mean + standard derivative) in terms of

WM, GM and CSF. It can be seen from Table 3.6 that the general average performance of the
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sensitivity, specificity and total performance reach to 96.42%, 96.96, and 97.00% respectively.
Relative equipoise of performances of the three tissues shows that the algorithm is less sensitive to

tissues and the areas of the objects to be segmented.

Table 3.6 Statistical indexes of segmentation results of ten MRI images

Indexes WM GM CSF AVG.

Sensitivity (%) 98.10+1.47 96.70+1.30 94.48+2.12  96.42
Specificity (%) 97.20+£0.20 95.79+0.52 97.91+0.18 96.96
Total performance (%) 97.40+0.28 95.97+0.64 97.66+0.27 97.00
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Fig.3.9 Comparison between the proposed method (m) and FCM method (m)

Fig. 3.10 White matter segmentation results (original image, result of our method, and FCM method)
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Fig. 3.11 Segmentation results of real T1-W MR image (original image, WM, and GM)

We also compare the proposed method with the fuzzy c-means method to validate it is necessary
of the level set segmentation in the second step. Fig. 3-9 shows the error rates of the proposed method
and the FCM method. Curves in Fig.3-9 demonstrate the performance of the proposed method is better
than the FCM method, especially when the images are badly corrupted by noise.

Fig. 3.10 shows the white matter segmentation results under 5% Gaussian additive noise. The
result of the fuzzy c-means method shows the overall grain (isolated pixels) scattering around the
object to be segmented, while the result of the proposed method shows less specking, the resulting
object is smooth and intact. That demonstrates the combination of level set method with FCM method
can effectively improve the segmentation accuracy and robustness to noise.

Fig. 3.11 shows one of the experimental results of one real MR Tl1-weighted image. The
thin-long structures and the profile of the lateral ventricular are clear and accurate in Fig. 3.11(b). In
Fig.3.11(c), the external profile of the gray matter is accurately segmented, and continuously
delineated. The results are confirmed by the radiologists.

3.3 Conclusion

This chapter presents a new algorithm to segment the brain tissue from MR images in the first
part of this chapter. The new algorithm overcomes the problems of stability and sensitivity of the
segmentation results to some parameters associated with the original algorithm proposed by Suri. The
new algorithm can segment successfully various cerebral tissues (WM, GM and CSF) from the various
modality MR images (T1-, T2- and PD-weighted). The new algorithm improves the accuracy of the
segmentation significantly. The multi-seed initialization, used in the improved algorithm, enables an
automatic segmentation of the cerebral tissues with the lower degree of manual interventions. It also
speeds up the convergence of the algorithm, and decreases the sensibility to initial conditions. The
algorithm is evaluated using both simulated and real MR images. The quantitative analyses
demonstrate the feasibility and the effectiveness of the improvement. The comparisons with other

algorithms indicate the better segmentation performance of the proposed method.
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The fuzzy region indicator proposed in the above algorithm is extended to use in the second
algorithm of this chapter. In the new algorithm, the fuzzy information based stopping term replaces the
stopping term of the geometric active contour. Thanks to the new stopping term, the algorithm can
adaptively govern the directions of the evolving curves. It also eliminates the relying of the geometric
active contour on the gradient information of images. The fuzzy logic framework implicitly takes into
account the partial volume effect in the FCM segmentation step. Benefiting from both FCM and level
set methods, the combination of the fuzzy information with the level set method can improve the

segmentation accuracy and the robustness of the algorithm.

- XXVI -



ABSTRACT

Chapter 4 Multiclass Algorithm for MRI Image Segmentation

In this part, we present a multiclass algorithm for MR images segmentation. The use of partial
differential equations (PDEs) for image processing has become an interesting research topic in the past
few years. One of the most successful and pioneering models that adopt this approach is the model of
Mumford and Shah functional. Based on the Mumford-Shah functional [42], a variety of segmentation
approaches were proposed, such as multiscale algorithm [43], C-V model [44] and C-V multiphase
algorithm [41].

4.1 The proposed multiclass algorithm

Chan and Vese [44] proposed to decompose the image into two regions with piecewise constant

approximations (i.e. /,is a constant in each region). It is a particular case of the minimal partition
problem of Mumford and Shah for segmentation of images. The evolving equation of the C-V model
is formulated as
%: 5g(¢){#v'[%j_ﬂq([0 _Cl)2 + 4,1, _02)2 _V}- (4.1)
The C-V model was generalized to multiphase case by Vese and Chan (C-V multiphase algorithm)
[41]. The evolving equations can be formulated as

% _

\%
P (@){w [W—ZJ [ Uy =) =Ly =) YH () + (g —€i9) = (I = o) N1~ H ))]}

% _
ot

Ve,
IV, |

where ¢ =(cjy,¢9,¢1,Co0) 1S @ constant vector, corresponding to the four regions respectively.

5g(¢2>{w-£ )—[((10 —en)’ =y =)V H @) + Uy = o)’ = Uy —coo)z)a—H(m)]}, (4.2)

It can be seen the above equations in construct a coupled non-linear PDEs system. The parabolic
terms of the equations require a significant stringent time-step restriction of Az =O(Ax*)[35]. The

main drawback of the algorithm is the high computational expense in solving the nonlinear parabolic
partial differential equation.
We propose to replace the fitting term in the C-V model with the difference of two-cluster fuzzy

memberships, where , and u, represent the objects to be detected and the background respectively.

o¢ V¢ +
§=5g(¢){ﬂv‘[w)+%'(“1_”2)} wp €R" (4.3)

The evolving equation of the two-class segmentation algorithm is extended to multiclass
algorithm. In multiclass segmentation, each class is represented by a separate level set function.
Following the strategy in [45], a constraint to discourage overlap and vacuum between classes is
enforced. The evolution equation of our multiclass segmentation algorithm is firstly formulated as

%=5g(¢,)[w-( V9, J+wR(uj—max#_/(ui))], wpeR", j=12,--,C. 4.4

or Vg, |

In (4.4) the parabolic term requires a significant stringent time-step restriction, which will slow

down the convergence rate of the algorithm. As the operation of noise removing is arranged in the
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preprocessing step, the regularity term can be removed in our algorithm. In the preprocessing step, we
recommend using the anisotropic diffusion filter [46]. The method can preserve the edge properties
while reducing the additive noise. We adopt the fast AOS scheme to implement the anisotropic
diffusion filter [47]. The diffusion operation also could be used in place of motion by mean curvature

to regularize the level set evolution to a certain extent [48]. Furthermore, in order to extend ¢ to all

level sets, we take J,(¢) =1. So the algorithm can be simplified as

%—a)(u -max,, (), wp eRY, j=1,2,---,C 4.5)
dt - WR\"j i=j\*i)) > R s J=L4 5 . .

The multiclass segmentation algorithm:

(1) Filter the image (anisotropic diffusion filter) if it is necessary;

(2) Apply FCM method to image to obtain the fuzzy membership setu={u; | j=1,2,---,C};
(3) Initialize ¢, as a signed distance function;

(4) Evolvedg; / dt = g (u; —max,, ; (1)) ;

(5) Periodically re-initialize ¢, to a signed distance function;

(6) Repeat (4) and (5) until convergence.

4.2 Experimentations and validation

The segmentation results of a synthetic image are shown in Fig. 5-1. Fig.5-1 reveals although
various initializations are used, they all achieve the corrected result. It demonstrates that the algorithm

©00-"

1s not sensitive to the initial conditions.

L)
« & -n.OO

Fig. 4.1 Segmentation results of the synthetic image. Initial contours (blue circles), middle evolving curves

(magenta lines), and the final segmentation results (white lines).

To demonstrate the segmentation performance under different noise conditions, we apply our
method to segment a synthetic image with Gaussian noise (mean 0 and variance 0.02) and slat &
pepper noise (noise density 0.05) respectively. Fig.4.2 shows the results of our algorithm and C-V
model respectively. From Fig. 4.2, under Gaussian noise condition, it can be seen that our algorithm
obtains the similar result with that of C-V model. However, under salt & pepper noise condition, our
result is superior to that of C-V model.
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Fig. 4.2 Segmentation results of a synthetic image with different noises. Original image (a), original image
corrupted by Gaussian noise (overlapped with initial curves) (b), corresponding result of C-V model (c) and
result of our algorithm (d); original image corrupted by salt & pepper noise (overlapped with initial curves)
(e), corresponding result of C-V model (f) and result of our algorithm (g).

Table 4.1 Performance indexes (%) under different noise types

Kappa % T
) C-V model 99.63 0.42 0.33
Gaussian
our method 99.20 0.99 0.62
C-Vmodel 95.87 7.22 1.28
salt & pepper
our method 99.07 1.10 0.76

Table 4.1 shows the average performance indexes over the 100-time experiments on image with
different noise types. Statistical results show that, under the Gaussian noise condition, the performance
indexes of C-V model are slightly better than those of our algorithm. Under the salt & pepper noise
condition, performance of the C-V model degrades; higher false positive ratio (7.22%) of the C-V
model reveals its sensitivity to this type of noise, while the performance indexes of our algorithm are
evidently better than those of C-V model. Our algorithm can obtain good performance under both
Gaussian noise and salt & pepper noise conditions, which demonstrates that our algorithm is robust
against noise.

Fig. 4.3 shows the segmentation results of our algorithm and the C-V multiphase algorithm
applied to the simulated MRI images under 7% and 9% Rician noise levels. Table 4.2 shows the
statistical indexes of the experiments. It can be seen from Fig. 4.3 that the segmentation results of the
C-V multiphase model are visually ‘noisy’, while our method obtains the better results observed in

both noise levels. Table 4.2 shows that, under both noise conditions, the total errors (false positive rate
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+ false negative rate) of our method are better than those of the C-V multiphase model. The indexes
confirm the superiority of our method.

000000000000
OOOOOOOOOOOO

Fig. 4.3 Segmentation results of simulated MRI images under noisy conditions. 107" slice with 7% Rician
noise: initialization conditions (a) and results of GM (b) and WM(c) of our algorithm, initialization
conditions (e) and results of GM (f) and WM (g) of the C-V multiphase algorithm; the ground truths of
GM(d) and WM (h). 94™ slice with 9% Rician noise: initial conditions (1) and results of GM (j) and WM (k)

of our algorithm, initial conditions (m) and results of GM (n) and WM (o) of the C-V multiphase algorithm;
the ground truths of GM(1) and WM(p).
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Table 4.2 Performance indexes (%) of experiments in Fig. 4.3

noise level GM WM
(%) Kappa Tt T Kappa "fp T
C-V 7 89.94 5.96 13.41 93.83 11.70 1.29
Multiphase 9 87.92 8.13 15.18 93.84 11.49 1.46
7 93.14 3.82 9.51 97.02 2.89 3.07
our method 9 90.39 11.03 8.43 96.24 4.52 3.06

We also apply our method and C-V multiphase model to segment 20 slices (from 84 to103 slices)

of the brain volume with different noise levels for comparison. The curves of average Kappa indexes
for tissues of GM and WM under different noise levels are plotted in Fig. 4.4. The curves indicate that

the Kappa indexes of our method under different noise levels are clearly superior to those of the C-V

multiphase model. Our method also exhibits a good robustness against noise, and high accuracy for

tissues segmentation.
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Fig. 4.4 Performance comparison of our method (m) with C-V multiphase algorithm (=) under different

noise level: (a) GM; (b) WM.

Fig. 4.5 Segmentation a real MR image: original image with initial curves (a), segmentation results of our

method: WM (b), GM (c); manual segmentation result (d).
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Table 4.3 Performance indexes (%) of the experiment in Fig. 4.5

GM WM

Kappa " i Kappa " T
Wang et al 91.58 2.48 13.44 94.22 792 3.87
Our method  96.45 0.18 6.69 95.89 7.51 0.99

Fig.4.5 shows a real Tl-weighted MR image (93rd slice) and its segmentation results.
Corresponding statistic indexes of each segmentation result are shown in Table 4.3.

From Table 4.3, it can be seen that the Kappa indexes of our method are greater than 95% for
both gray matter and white matter tissues. All of our performance indexes shown in Table 4.3 are
better than those of the MFCM algorithm of Wang et al.

We also apply our algorithm to segment the whole data volume. The Kappa indexes of GM and
WM of each image slice are shown in Fig. 4.6. The average Kappa indexes of WM and GM are
82.48% and 90.42%. Our results are better than those of the MFCM algorithm (average similarity
indexes of WM and GM are 75.98% and 81.90%)).

0.4r 1
03r WM | 7
—+— GM
02 1 1 1 1
0 20 40 60 80 100 120

Slice position

Fig. 4.6 Kappa indexes of each image slice in real T1-wighted MRI data volume.

4.3 Conclusion

In this chapter, we propose a multiclass algorithm to segment the brain tissues. The algorithm is
composed of a set of ordinary differential equations. Each tissue type is represented by a level set
function. A constraint is enforced to discourage the overlap and vacuum between classes. The
curvature-based regularized term is removed and the anisotropic diffusion filter is used to reduce the
noise level, as well as to regularize the level set function evolution. This relaxes the stringent time-step
restriction, allowing to the fast convergence of the algorithm. The synthetic image, the simulated and
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real MRI images are employed to evaluate the proposed algorithm. The multiclass algorithm is
compared quantitatively with C-V multiphase algorithm and MFCM algorithm. The qualitative
analyses and the quantitative evaluations on the segmentation results indicate that our multiclass

algorithm has the better segmentation accuracy, and less computational complex, as well as the good
robustness to noises.
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Conclusions and Perspectives

In this dissertation, we firstly present a histogram analysis-based algorithm to segment the brain
MRI images into different tissues. The normalized intensity histogram of image is approximated with
the mixture Gaussian model. The parameters of the components in the mixture Gaussian model are
estimated via the Expectation Maximization algorithm. The statistical features-based constraint term is
integrated into the framework of the geometric active contour by replacing the gradient-based stopping
term. The proposed algorithm overcomes the limitations associated with the classical geometric active
contour of overly relying on the gradient information of image, and the accuracy reducing in
boundaries locating due to the Gaussian smoothing to image. The new algorithm is able to adaptively
adjust the evolving directions of the fronts, while in the classical geometric active contour the curves
can only propagate in one direction and has to be predefined.

Secondly, we propose an improved algorithm of the region-based geometric active contour
(RGAC) of Suri. We mathematically prove the stability problem associated with the original RGAC
algorithm. Thanks to the new regional term, the improved algorithm solves the underlying stability
problem and the sensitivity of the segmentation results to some parameters of the original algorithm.
The new algorithm can segment successfully various cerebral tissues (WM, GM and CSF) from
different MR images of modalities (T1-, T2- and PD-weighted) with more quick convergence rate.
The algorithm is evaluated using both simulated and real MR images. The quantitative analyses
demonstrate the feasibility and the effectiveness of the improvement. The comparisons with other
algorithms indicate the better segmentation performance of the proposed method. Then, the proposed
fuzzy region indicator is extended to the geometric active contour. The fuzzy information derived
from the fuzzy clustering analysis provides the global constraint to the proposed algorithm, and guides
the curves propagation in both directions. The framework of fuzzy logic, used in the proposed
algorithms, allows for ambiguity and uncertainty in MR images by assigning a voxel to all brain
tissues with different absolute memberships. The presented approaches take advantages of both FCM
and level set methods: fuzzy clustering methods provide the regional information, while the level set
method maintains the smoothness of piecewise continuous nature of the tissue regions. The
experiments demonstrate that the combination of the FCM and the level set method can effectively
improve the segmentation accuracy.

Finally, we present a multiclass segmentation algorithm. The algorithm consists of a set of ODEs,
and each one represents one class. A constraint is enforced to discourage the overlap and vacuum
between classes. The curvature-based regularized term is removed and the anisotropic diffusion filter
is applied to reduce the noise level, as well as to regularize the level set function evolution. This
relaxes the stringent time-step restriction imparted by parabolic term, allows to the fast convergence of
the algorithm. The algorithm is easy to be implemented. The synthetic image, simulated and real MRI
images are applied to evaluate the algorithm. The qualitative analyses, together with the quantitative
evaluations on the segmentation results, indicate that the multiclass algorithm has the better
segmentation accuracy, and less computational complex, as well as the good robustness to noises.

The used multi-seed initialization enables an automatic segmentation of the cerebral tissues with

the lower degree of manual interventions. It facilitates the operation and avoids introducing subjective
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factors of the operators. It also speeds up the convergence rate of the algorithm, and decreases the

sensibility to initial conditions, avoiding the risk of convergence to local minima.

In conclusion, the contributions of this dissertation include:

1.

Propose a histogram-analysis based non-parametric deformable model to segment brain
tissues. In the algorithm, the finite mixture model is employed to approximate the normalized
intensity histogram of image to be segmented; Expectation Maximization algorithm is applied
to estimate the parameters of the Gaussian components. The resulting statistical parameters are
used in the level set segmentation phase to generate the constraints function to control the
evolution of fronts, whose directions can be adaptively adjusted.

Propose an improved region-based geometric active contour algorithm based on the stability
analysis of the original algorithm. The proposed algorithm solves the underlying stability
problem associated with the original algorithm. The algorithm is extended to segment brain
tissues into GM, WM and CSF classes from different MRI images of modalities (T1-, T2-
PD-weighted) with high accuracy and less iterative numbers.

Present a multiclass segmentation algorithm. The algorithm is formulated as a set of ordinary
differential Equations (ODEs). The algorithm may include three steps: anisotropic diffusion
filtering, fuzzy cluster analysis to the image, and the level set refine segmentation. The
algorithm is easy to be implemented numerically with less computational complexity, and has
high segmentation accuracy and good robustness to against noise.

Propose a framework of combining FCM method with level set techniques. The fuzzy
information provides a global constraint to the curve evolution, guides the directions of the
curve evolving. Moreover, the fuzzy logical framework allows for the partial volume effect
implicitly, and retains more information than the crisp segmentation algorithm. The level set
method makes the segmentation results more smooth and accurate.

The future work includes:

L.

Intensity inhomogeneous. The intensity inhomogeneous is introduced by the imperfect radio-
frequency coil, which changes the absolute intensities for a given tissue type. The future work
should consider the correction of the intensity inhomogeneous while not removing the useful
information.

Partial volume effect. In our proposed algorithms, we implicitly take into account the partial
volume effect by using the FCM method. The future work should explicitly consider the PV
problem in case of the MR images with a low spatial resolution.

Three-dimensional application. The proposed algorithms are limited to the applications of the
two-dimensional intensity images. The insufficient information in the two-dimension image
affects the segmentation accuracy in some cases. The next work should extend the current
algorithms from two-dimension to three-dimension case.

Anatomical structures’ segmentation. By segmenting neuron-anatomical structures in digital
MRI data, quantitative three-dimensional morphometrics can be used as evidence for
diagnosis and for assessing response to treatment. The next work is to segment the anatomical
structures, especially the gray matter anatomical structures, which are closely related with
some diseases.
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TP E N
(3) P —Fh B NSRS, SRR & Jent BREAT BRI S 28004
B RAF I BOE BRl S 2 ER B
(4)  $HH—Fh MRI BRI 2 K530 EE i — AW o TR G, REASJ7 R
— AR HbR . BAREVER TR AR, fem BRI SoH ). FkReg iR
re o E A R HER R, RN, A R B S e

1.3.2 ET%H

MR LA EWFTT N A, ASCR T AR W F

FF gl TEESAER A FEIREC, BT MRI G 7 15 1 FE N SMIESE IR 2t
T, RJA S I TASCEZ MWL H AR I A 2

BE N T MR AR B IAES T I, 6 MRI R 1 o3 51 A
17 TR, R SR A IS BT XL SRS A KPR B LS
FN o MNBATI A BRI T o3 BRI VPO 5 I ANA SO SR BV T AE AR

FB=F Nl T M EE HITE DT IARS B AU R L. A E R R
PG R BT B T 0 b, TR EM SAMSTHE & I S48, SIS EORTE A
PERIACTHERIBEAL,  PASER MRT BIR 173 E



VU SR TRk A DR ) U s sh A B R A . Tl RS AT, UEW]
TR FFAFAEI 8. S T —ASBr I X IIR, ek T s A AR IR E P T
], A ST B AN RIS (1) MRI S R b 43 8 AN 7] 1 ZH 2R 200

FE PR TR MRI NS ER K 2 30 IS5 o Sk i g Ak 24 A 7
AR50 TS B BORb e ARG 20 3 S AR T I 4, AR HILBEIRTF T FCM
AR PN R, X AF TR IA & e . Sk m TR BeE, ik 7
W SIGH T

FONTE RIARSCHAT T4, AR TAFSEAT 7.



2 MRI B&9E| 514 EN

2.1 #HHAR

FH R0 45 400 A L 2R3 50 UK, W IR 2R AT 20 1 X Ui R 47 € B85
i o s R P R T A A e 1 S T D N N A R A T TD VA S O 7 S PR G D 311
SEMA G SE BT AS R BEAS s (20 U7 v RIBIHIE s (3D MR ARV il F 47 55

(4) figimn 3D nf AL R E E ;s (5) WA R EREEHE; 6) XMt

frohaetimioE*l.  HAk, EXRE I R TERIR . 2 R M REARIE LK o0 SUE SRR 1k
s e RS s R = S ST/ RN 5 TN 5 7 e o S Rl 51 7 e A 1 T G =
Ak, RFIX LG R I B A D AR D). VF 2RO T AL (R
TRIF) BB 1 % AR R JL X sk ) 3 A7, 30 S R 30 5 /b i 175 i 254
DL g i) AR KA O o SR IX B AR B HER P2 T, e 2006 NI IR R R0 T
pren Ul Rt T

A 1 S ] R AR AR AR, DL R o R = RS BB (T1-, T2-
F1 PD- AL MRI E5) . 48 J5 i 5 [ i 5 MRT EE R o3 #5003 LAy R Eo] LR
RFET S T X TR BTN SRR T EG S
FNFIVLVPAN T A e SCrh B0 e e b
2.2 BXERELIARAG

MR G IE — M2 Ay B S AR EOR, AT DA A A4 A 2R 1) v nl b RE
My PR e G, e T HEE (Nuclear Magnetic Resonance, NMR) J5i P 1]
— M REPI B, e IR AL TR AR S5 B SRR UG 751 n] LA 4
RANFIR RS, AR Bon B R AR LR, = A AN RIS ) 4 =4k K%
AN TR R S AG 510 A5 AN [R] P SR AN [ A6 S Jok o NS [] £ 5t 75 ) ( Relaxation timings)

T REA X 20 AN[E R AR AL 2R, DR 1 3 SR e AR TR T A I AL 2R IR e a2 5t
TN AT SS o e PR L% HI A MR B 8AT TR T2 B PD- AU Bz »
E— M EGCR AR, BN UG A (90 BEfkrd, 180 FEfkal, KM =
"2, WL R (Echo Time, ET) /& W} [A] (Repetition Time, TR,
WRIIELER 90 FEWKeh 2 [ I TR] A] K ) 5 nl AR s AR G A 2 0T B o e [
SENMESARIETS , AFPIAZE AR T1 WA EC (s igma)D) , (HJ& T1 A H 2L
5gysa o, ARSI AR T2 B RH 2 OB ) sth i mfm]) , {H 2 T2 KA
RS RETC R DA R ZRAEAS [ P OGBS T A AR A BEAEL, AT ™



AR ELEE ) MRT B . Bildn, R TE, ZH2R T2 W T8) R [ A 25 00K A8 15900 12 o
T2 IR H A LR CLLnzKD) T IR iR ), DRI e 78 B LG T2 I T 0
L2 Canfsm) Wlss. TR DUAHFEM 7200048 T1 XFLLEE . i K TR IM4LRE 2K 1)
S IR K A B SP REIIR A, IR TR 4L 2055 s TR) 5 550 T 4 (R ZH 250 EE B A 3 AR
4 TR F1 TE W [RI#GERERN T1 A T2 BUE,  WHE 50 bR i 42 5 5B ot 1 2% &
fffE X HLA T UL PD-INAL.

R QU

B TR B R)3zE K T4 AR 4230 T1 {H, TE L2 41200 T2 {HI, 3R1E T2- I
BIR . T2 =22 A 2R 1) T2 B[R] HoE ), AR T R AR G s o, (R
fEWE LG, BRTERS 2.

I TR BRI T S 404800 T1 A8, TE /P800 T2 1, 3R T1-nAUs
B TIIAEHRER T 53 A 4, EESALN TUEA R, BT BR800
fiEr g, T HAR M b s, R TR LT

I TR {HiE KT T1{H, TE @/NT41230 T2 [ER, 3R73 PD-InAE G . 2%
I GG L, BT RRAT  HHT S 28 B A SUK S AR ZERDN, Gt
FERIE o

K 2.1 gyt T T1-, T2-H1 PD-IAL MR 7=l &% . M E o] LB H R — 414
AR T R AR, DLARAS I ALZ D0 LR A4k

PR EARE N AN, EREA R B ARRS, B 2RSS G .

2.1 A MRIZRGIE G CONESIA: T1-, T2-H PD-IAL MRI & 50
Fig. 2.1 Examples of different modalities MRI images (From left to right: T1-, T2-, and PD-weighted)



2.3 BN MRI Bf& 9 & A EGE

M MRI BAG A I B T IR AR SE B TG, (AN MR EUG o #1500
UK o X ey ul 3 A AR R ) MBS AE, 838 R AN AR 7. AR SCHR B R A
M ARES 2, K MR BRI RBR o A S T 5, ST, SRR
BT IKFRFIIL S A5 LA, AR5 50 Ml T A 4
2.3.1 ETFiLGwMaE8EE

BE T TG A I 1) G 8] 7 900 ok G 0 A A A5 3R R A AL K 5 A8 SR SR AF AN A X Sk 2
W%, BS IILZmT Loy ik 2o fn J2 6 b g wifh . Bk a4 e 1%
e 8 DX A AR AR A B i) B T e R 1), i R S e T B IR S TR R R
(1o — R, BERaad S s i (142 UG TR AN [ X Sl iy e 7, i o 300 4 0 e I )
B I SR G54

MR S P G G A TR, X G RO LRI o S — B s i
G T I G — B SR R R K — B B SR T G A A A
NAEAE R G R LA D F 1R, B 87 R 02 =B S EE R Rl 2 Ak A2
%, 7R IL GBS A R . H ST, Robert 1. Sobel 5745
J& Ty 57, I Laplacian £ 7. LOG #7-. Canny™ .78 T~ 1.

ARG 7150 Ty A —FhEE T 10 0 o B 7. ARG DS HE T B T,
AT DAV VAR Y. (1) BAR I 2 i 0] SEBR I AT A, DA e I 2k A . X Rh o iR A
NUEEIE BRIE SIS . F LA RECE n Y20, Bt R BsE . il
THIPEL A5 77 Y (DR PR mT LAk B AR 2 2, H2E FHT-40045 10 il T e 50 3 B AR DG4 . Staib
Fil Duncan® SR FAE 2 S MR HIA 2k, 1R A5 2R N MRI 5 4310 ARG
(NS

ARG S S A FR R A 5 % FK Snake REAIPY, & T Bh Ik T34 Lk 1 3
T, S Bl BRI SO X4 A S BB R AN A S AR . SRS R SRR LA 3%
BNfe AR B AT AR TR, ASCH LR RS FACPAR N L 2, DS H L RERS R0
X A SR AR R Ao Snake RS LE R 25 00 R A3 B 2 (KN . Luo 2557 H
T—AEAWASMER TS, RGP . Xu 255 7E 4 0 Snake BERIILRY I,
P T BRI, AR IR BE IR N BREEMIBA I 5 2 rh o TR N T
BCERIGHAINZE . RPN TR ER ), DL s A R SRIE I, R
PRAIE SO o Jiang PRI T 0 BRI EAL IR I S, (HRSEEAIIA AL TR N
T, A 2 /2R T O AE IR P Rl AR



e T TSR ) 73 08 K B LAt iy, AERE 2 52 W P DR 2= IR 5 0 o 03 5 2 SR
T AR I AN 1R 53 T B A 2 M LAk 2K ) H A5
2.3.2 EFRXEBHMHEEZE

FET XS G B0 710 2 R S8 T R — DR N BB K 2 A v, AR IR R 1 15
PRI 73 BRI S5 330 B R 2 08 B R REAME R AR 7 — ARl g v, g
HATE € gt AR R ER A A — Nz .

e g T, 8 T R 2 21 A5 DX et i H A A AL A A N SO AR 1 o i
AR 3 7 v A DR B A R R R AR A 2R DX ke 2 B R ) o T XA 2
FIOTERIH T EUR AR RN AR AR A B OCRR o B IS T XA 0 O A 1T IRE . X
WAL ARG IE. KGR, FIBET Markov BENLIA I 755

IR T PR A2 o L PR EDWUAS I DX 3 () 708 07 v o e TR R T ik IR
FH LA BRI AR PSS 0 AT IR H AR AN TS AL, 78 HARANTS 5 A 0 IR A AR AR 3R 1) (1) K FE AR A2 v
FEAHIGI, RAE H AR SA8 AL P IR = AE K Al AR ORI 220 o IX S IE5 H i
(BT USRI BT 1143 %1 o Ganser 25 W H T —ANTTPRIZR /3% 17 T 4544 . Shan %5 AP
WAL E T ESREETTIR, &8 T &FE G A H R TR R #1420 . Jack S5 NPT T
BT HIT BT TR R 40 %] FLAIR BUE . AKBETTBR Y i IR B AR O . 4k,
VP T IAE T MG BOMBCE . BEETE 5 Be% T APY, SRIRm 2 # U
J&,

DR A AT o — il R 1 DX 20 R B, RS R R T AR,
FAT DI B 0045 2% 5 A Sy e DX P20, 27k o e B B AN b 3 %, SRR K
KA R A ARM G 2= AR s A= AR I 5 I 2R 2= T AR I X 3 o R e 3R 4 1k
B A7 AR EE AT BRI B, BRI AW SRR BRI . Rl
AR RCRIE G XA AR R R o BRI, ARl S — 5 38 AR AL A DA DX sl A
KL AR E I, Heinonen UL T — il A 3h 10 X 8 A KR K43 #] MRI
E5 R PR 27 . Tamez-Pena %2 T —FhGe ik X AR K AL, el M
R R B G AR HEZ, e AR K SE0E N /MU H bR EeR i e, FFRH
Oy BN ISR MRI EMZ 1923 %15 B . Pohle 28I H T —Fh (& B (1 X2k K
S, AR A I F 2 S TR o BT X AR K BG40 I BOR BUR 52 8 7 Y
W B2/, ARZE Sy el s, iy Hal e A i ANHER o

I3 BRI E IS R HEN BURAE A St 7BV 45 5, VB i 1R 23 B ORUE A% (1) 355
PE, wof HAk s34, Tk BA S 8 AU /X 4T 5 9 . Manousakas 55 A\ K7 54
R IE57E H T MRI B (1 4331,



O3 /KU B IE i TR TR A2 I — Fh Do B . e /KRS, R K
e e B, IXAE— R A i 1 s ], o R k2 A A () T 0 B S ) i
Tt re SL T SE LA HOE P I R AR AME AL IR SRR R i dse AME ORI ZE— A1
fL, RJFHEHIE B S ER A AN, KIS R AME R NLEN, TE UK
H T B 1B PR AL  JR BB AR /M RO B[RRI SR 21—, AR EATHER A — K
Wlo ML 58 AR NI — T I, ISLERIURA B T 70 /KU o &5 Bl A T A 7K1
BNV KA, XK, 15K, R T 43 #0145 5T, oK Bk B
ST R R 2y B ) 10, B2 A 2 (RN I, TG R ) DX 3l LA 43 0L, bk
PRI TR AR R 2 R 0T, S T P DB 280 R BEAT Ab P o 73R 1370 /KR 43
IR S R G, R A 7 VR 3 S8y K A B R AT 5 AL B, 159 285 5
GorENEE R, Sijber 25 N7 | Bueno %5 N1, Grau %5 N1®15) 55145 43 7K W& 55092 3% T MRI
SEERioFeIp

Markov Btitll¥% (Markov Random Field, MRF) B A B AN St —Fp oy BIGLE, Tt —
NG A, W LHAE S E Tk 2 F . Markov BEALIZEEL — MG 2= (AR T 1% 2=
PIAHE R R o B RSB R AN [F @ PR FIRS i, A SRR B A A G R BRIk T L. 7EB=
PG, Markov Fifi BV 5 5 IR 2% IR AE — M35, RERZ HUR R RS 1684
B2 FEE TR A X IR AL S — MR R AR 45075 MRF R F R AR
AR /N . MRF H T~ & 2 1 ) v JEARE M Markov BEHLIZ I8 £ BE T R AT 1451,
HEEHR A R B VERF G M IS M2 2% T 0 A B AL AR &, IR v R B K e 3 i
)5 Hi. D. Geman 1 S. Geman $2H T B MGET 1% R G2 M ARLLPET, M3 &
il fie BB 2 2 5 » Gibbs 0 A {5 T - Hammerilei-Clifford & #2745 H T Markov
Wl Gibbs 2 RISV, BTCA4E € T Rt Rt i e T BRI Markov A5 . MRF
B MR RIR BB B R Z AR R, B MERE T R e RS M w4
I T AR R I

JLT MRF [ACFE VLT 2 BT MRT BG4y 802 rp 7277, Wells 25 NU2Hg 1] 4%
53 SRV B3 A VN 21 DL £ TR SR A, R 88 45 K AL (Expectation Maximization,
EM) HE3AT BIHG BRI E I At v, 7ok o B 2L, R 0] (B 3 34T
RIS IE . 1% B AR RSO R, XS IR A R . Held 207
Hudk 7 Wells [R50, R FH MRF B8R 51 NABISAR 2= I 2 A FHAE S Hufili 1 J7 7% Parzen
TG K AL MR 341, Fl MRF B B . Leemput 25 AUVR 307 i Pl 3%

(Atlas) /It Z 5 EORM B A M4 R 2 A, FHAA PRIR & m B g 45 5
MRF FiAUR#Z:E%, UM 2 S H R LR R &Yy, b —Feidokflith 2 1

= o 9

Q“
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NINSE BEAFIVEHENR B I B Ak V0 20 23 2 85 B2 v = AN IR A R

Rajapakse!* "B R H T 5 iR A AR BRI AL K FEE 0 A, K 21 SRS AR ) 34 1
B R R AR R A, SRS R A AN A AR B R 2 BUR A B AR Ak s
B TR, CUAH R 7 2 2 2O 2 A0 (R S (BRI 75 (1) T 22 SR VE T
M 3D MRF Ok Se5, R ZUR 8 N A BRI 73 BOB 2T mle R T A
Desco 2 NI TAE R [ LIE #]. Zhang 2542 K& - ] RBEMLY (Hidden MRF,
HMRF) BERSRACE AT BRI AR, ¥ HMRF BT EM Sk 4h 4ok o #1430,
UL, Solomon ZEthHE H T — N ALIK 7 vk o Bl A g U7, W T R mT R B ALY
BRI EM Bk, SREGE 5T E .

FT MRF B AIE R LA SN T PR, AR EAREIA e AR, 1L
WALBESE 5%, THEE KRR AL
2.3.3 ETREMEX

282K (Clustering) 72 ¥ HEE AR RIVEVE ], 457 Ak 211K B8040 4R 5053 b 45 T A~ 2Kl i

(Cluster) Rt FE. Sl 2 A i Bt N B A AT B R IRARAYE, 1T 23 BIAN [R) 251
HH R B A e PR S AT RER . BRI T [F] SR e o RS v et R A A i, T8
TANIF R ) E A ] et o3 25

h TR A A R AT AR, I B R T G AR, AU A S

HEATZ I R H P SARER . (1) B, BRSSP A 2 s Rz 17
(RS, PR BB U X P OB SRR S RO I RO 28, B BRI K s R
AN . R I B A BT IS (Minkowski) FEESFITS G (Mahalanobis) #HE .
(2) MRIRE, FIHA ER 2% A 2 1A AR RRE B, AR s i, e AT AR
WUREOBEEIT T 1 M Z Rl B REHE mL SRR B0 1% . SRR L
P R 28, SEZE BRI SR ANF IS o s mU 2 1) FR) AR B, 28 2300 0 45k
AR ZAAH SR EL

W HERETTEA K-BME (K-Means) 58 C-3J1EH (Fuzzy C-Means, FCM) .
A5 K{H (Expectation Maximization, EM) 35817 2R ABH A,

(1) K-P{H 5%

K-$MEFEL K AZH, 8 n MEA R0 0 K AR, RN R RE Al
URE, AL A o ARABLRE FE AR — A2 A A R 1 - 34 B SR 2R 1) o ke
AT SRR B RGNS E 5L, BEALIE K AN SAE IR IR L AR5,
B RN SR 5 25N T O R B A e B el 1 2R 2K s e, BRI SN RER
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Rt e EXARREAWTE S, H2H brekSom/ME oy k. 30 H R H br ek 808 00 i3
FE-J5 FUE D) o 2 -

Jo=2 2 lx=—m]f 2.1)

1 xel;

Hrp x AFEARNR, m 2K C L, BECTIINEAZE N, R
m, :Ni,.zx (2.2)

J, R TH K AL O m,m,, - ,m RE K DMFEATEEC,C,, -, C T
B R ZE TS o

XTARIERS, T, BHE AR AR, AT, BN 1SR A 58 221 7 FIUEI (1)
B EE R . e RN, M BERFR I 1A X B i, B ORI
KIS, XEPREA Y R, JF ARSI BT, Jika]
DAL LT i i LA«

A2, K-BEEVE R RBIP e UL T A e« ok, HIEZEK
RIE K BUCHER . WA, XN P RGP Hoh, K-BMEFEA
RN T AR TR BRI, B K/ ZRR RIS . Befia, e T M R A A i L
AU

(2) FCM 5%

SERR N 55 A TV IR AR C—I{E 589 (Fuzzy C-Means, FCM) . FCM $yJ: 8
Jot DunnPHREH, R4 Bezdek Bk, FHIENT T8 MM SIERY

© HkE

XA, i =12, n} 3t n DRERARIIEALE, CANTUEMTIMH, m, WD R
TR, e, (x) RS T AEARS 155 7 RIS B e . SR 18 e 0@ SCIR H s e 2
I LUE R

hw=2 L, GOl N = m, | (2.3)

A E p>1, RS RMBORIFLEE
S I8 B BRI BB SR AL«
AKX TAERN j F g, (x,) €[0,1]
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C
B. WTAERMI, D u(x)=1
Jj=1

C. MFALEM . 0<Y i (x)<n
i=1

fE EIRFEAFMILIHT S 3K A AR BREINAME, 2 Sy, KRS m, MU PR
IONIERS Gl I MR & XTIl N7 o B/A W

m,. = zi:l[uj(xi)]pxi

J n » j=1727"'>ca (24)
Zizl[uj(x[)]
1/(p-1)
V(lx, —m, IP) . ,
U, X)= - IR i=1,2,---,n, j=12,---,C. (2.5)
(1 —m, 1)

RGOk iR= (2. 4) 1 (2.5) , FPOPBRUT:
A WERKBHCHZH p ;s
B. Wlatb s L m,
C. EEMHMIZHE, AP MEARMRIE LS.
a. FHYETRIER IS O SR T RE RE
b. 24 S B R 2 L R R .
MBS, AR T SRR ORISR B T AN B S8 A,
1M 58 % T BRI 2R% 7
@ LALLM i)
KR C-IME R I E AT -G oy
REMF DL BIAEAL 73 FIHE LU HR 1K 2 4N 00 SR 20 ), FCM. 38 & T R TR - AR AN E 1
FBORI P RE 555 (R FCM B2 8 T IE B 43 28077, BRI ATFTEAR A
T, ARG ST E 32 F 0 A .
SR, FCM SEEAT BUR 4 FIAFAEAE LU 24N J7 T ) n) 74
A BRI E
AT SRR Z AT e SRR H , A WERICEEAT . A T ZR2R 12K
A%, Rosenberger 25 NP2HEH T — R TE K. RSO I T ok e % H
I JEIE R A B B H 1
B. WIEHAE L E

FI e ORI T BOE B 8, JF H.
i

-13-



RN SR B T Iy BT AR SR 2R Rt o B AT BRI, — NMEARIE AL
WS 1, W R AE AR T AA(E P T fa S 4 3 IIDAC S 1) B 2 B X
P, HARARRE R & R BN s an R FSER I R T AN SR SRR,
RREG PR KT Be e PN B, A AAN 22 R i P LI S 4001
[HDRER I A = =i ] (AR TS iy S

E— B3RS, HCRH BV RIS L, XA i 2 1 45 R T e A
SRR GG R . F R AR g R Y A8 20 B SR AR B TR 8, sk 45
VIR BRIt o TR NBULLE 7 B AR AR 28 2 18] IR A AR R EG2 Hp EA T A
WIERE . H C-IE T 10 B AT R4 5328, K45 2 &8I0 B O AE AT EE 2 oy,
R A EHE .

C. JRIFHBARAEL 4 v it

H TR A A A T & TR R 72, IR 2 M R AR A A4 - Hui
25 NISTRL Selim 25 NP0 R 26 T4 RAR AL B RUE KR, Chaudhuri Al
Chaudhuri® £ 5% F 28 B BB 1178, Postaire 2588150 F T 25 2% 07 V5 LUK BRI
FEEEIT, UORERIS I I aa (e, o i8F . Jr i A A

D. T A

TSRS — AR A IR, T R o 1 D8 KA 3 S ) i, IEARRE
P HEEOR, FERIRZ, 1S FCM BE RS ba N H BAA — @ MR BRYE . gk )
) TTE T AN = AN DT TR B B e Ja 45 R IIWIAR I, S nT Rgkbys ik
IR SodEE, bR —RE AT R R W R R S

E. 23845 S rAEH

BRI R IR TT 57 B0 o5 — A ) 2 e R 28 RE 2] T K Ry ik 5Ok (4 R 1)
PEEREAIE, 20 T B A A 3w s BE S, A3 0 B0 XS AR AN & 2k
A RCHA 2 A5 B Re e e BV, (E P 1 ) AR T SR R

F. Ja AL n) @

I T RO R IE 0 B — I A Rt A B R = 2 R R R 5 R
o P EOUFEHOR BT REANIESE; Ji4h, RIS EOR D B, R
LRI AT e e — AR SRR SE G » X T R 4 R ZEEAT L85 T 2RI JR AL B,
A I i 23 H ) DT e A T 3

@ NS MRT 431
FCM 3T — M B 2005, ARG HIREI 8 G 34 2 1M
Ho 5 K-SEHIEAR, FCM SR T #7015 28 LA [RIR) SR LA 23 0 x AN [
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P15, BB . AZFFIEAT A FCM 5030 n] IR MR G 1358 50 8RR
I (Partial Volume Effect, PVE) , A # 172 MRT IR 7312 . {HIE, FCM HI4
AR G op W A A AR, RT3 LR 2% PR R el 24 TROR R ey e T A5 M o Pham
P T R ERE) FCM SE, VEEAERSE FCM S50 H RS BRER nN TriE £ 8
BERREI, I — AN SECRE I T #EE . Ahmed 25PMEH T HIBUN 7%, Al
[FIREAE H AR s Eh 5N T — S BRI, AR 3R 1) 70 9852 2 H A FEAR AR 3 2800 1) 52
M. Shen PR H T — Nk i) FCM 8%, FE 4RI B RIRRREAE (1 AR 51 N 257
e, Wes |y A2 B2 3547404 . Boskovitz A1 Guterman®? T & T — AN R 55
K B 37 B BRI ZAT I o BRI R R HAS BREAT TR, 2 /2048 99 25 1
o FE T ROR S8 R 40 Masulli 25 H T — a8 B T RETE 4 FCM 1%
(Possibilistic Neuro Fuzzy C-means algorithm) K43 #| 2 B K14 .

ST BT EAE AT AT RN, %7 AR5 2] FCM %22 I 13
T BG4y EIP%, Chen FI Zhang P25 NAZ K735 E] FCM Bk @I, R
e 2% (B oI NFERR FCER B, 73200 H AR R BT RTS8 . BN T FCM 5
R IG FEFNEY s SR, R COREF BRI TR R AR, 6 MR EHER I 7 E45 Rk
T S A R R

Wang ZHEH T —FE M1 FCM 5ok 0 BINAZ. AbA1H AR Jay i 34 (i ik i 2%
LR E] FCM HERL A, IR R ORI m P PERE, RN x B i
(IUERR . BVEIRATOR RAF I B0, (R TSR ORI E TE 1IN« Hou 2571 H
THINALE) FCM 5% (regularized FCM) , HH B4R 28V A I EE 1, K AR
SR B P S N B H AR B . Xue 25O H T A2 I M ) MRI B S 5
Bk RS, ST NI BARIERRE R, SRIEXE R IAT A Cai SO
T —APGE ) FCM 80, EHRSe 2 i Ja AR B 0 5 - Dk B ge 7, R )5 T PR FCM
SRR 0 )i ) R AR AT 0 31

Karmakar $&H T —Fh3E TR0 R (3R 7E1 ), 207k or T BRI - 4
HGAMKRGEE, JIANT SRR E R, PR FE T2, Udupa 55 A
feth T — N BORNER MRS, ] R 8] AROBORITIZE 2 o 1T 8 i BN & () 2
() A RSORI R o AR R R T IR A e R T SR PO R SR s JE R R, PR EAT RO 2R
e, A BISCETR A RN 1, RO VR T S A R, B R A K

B 4 VAR REAT AR A BRI R, X BT IE . Pham $&HH 7 —4
7 2 T P 45 43 0 R i B3 2 TE F) FCML 3R VR4 AR R 3 s LN — B F B 1
BT LU R I 2 o T B8 A5 k. ) TRIASIRA ARG R, Liew S AT
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— MR 3X3 N HNIBRERZ KR, 4t 8-ARA IELME, Bk 7 FCM A
Tl AR R B HARRR AL, SR T X TR S R S IR s, AR .
Liew F1 Yan''"VE H b e 50 5N B bR 2248 SRI0, 76 50 B0 [ I S w7 34 T 4%
1Fo M)A, Liew Al Yan XX iZ 5L EH] 3D MRI E5 7 #1548 Hbr ek oh 51
N T A EEIOR T JEAR R I S R LE R U, el 88 75 (R 52 e R 73 B PR ASOR [ IS
X B AT A TR IE

A3, ¥ FCM JTiEMK TS &, Sk RN 2. 3R I A2 & T FCM
FACEET T, BROREE T FCM BRI AI R, XOREE T AR e

(3) EM $ik

R B KA CEMD S35 AN [R50 8 S e I 55002, J5 480 Dempster
e UAA TS, UEI T SRS, I 4 N EMEEN ) BT ISR A T
1, FCLETHRSCERImEL R, IR N TS ImIR. AR . EMA
TR — A MR TR AT o AR A, ORI EE (R RS RO
SRR GERAD B3 AN AU R A A S Hd e SOk
NENEA G T S EMBEVEAE G 7 3P (R N

EM S0 MRI 55 % b B B3 50 TR . Wells 267242 T—A EM
R FIGAHLR, RN KA TR &Y. IS, Kapur ZM B W3l ITES EM
Bk gE ok oy SR, RIS 0 TAE R B UCK Gibbs BEALIZ A LT /54110 EM
ik 47U, Shattuck A1 Leahy! "t 7 I F DU 40 A3k EM AVL S i 2 21
(Y1 134> #]. Hashimoto Al Kudo!“ft, 1E# F EM Sk v PSR T,
PASE i 41 2R 1) 431 o

2.3.4 EFKFEEREX

1988 4F- Osher 1 Sethian ¥ Y3 HH T /KPR, S i 4 T LA 2 ) o
SUSAR . X P R o th Sevsd Ab in) K BUE AR, O Bk EARE, EE A AT YR
BN . Bl , Osher %5 AR T B g R el 7120, pg Ko 4k
FORBIANET =5 MR RE, TRk iz sy H T BHR AL BRI, dhukp. 7081, Bl&
BREEEZ TT M KPEETTEAEHE n Y2/ My iyl 4 i) U 40 D B v 1 4R T) R K
P i /8 i AR R B T R . BE T AR R o B L R T AR
fE T oy J7 RETT AL H . /55T PDF Wy BB 2 J5, HACPEIESEI, ff
LA R BRI D g5 R AR A ) SN RTR TS . Casseles Fil Malladi Z54& H ¥ LA
G Bl A AR U2 AR b 2 8 U PR )R T KPR 7 i Chan Rl Vese %54
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Mumford-Shah iZ B FERE b, $2H T ISR C-V BN SEZE b R Sk
22 FALEN2O, ARABLI T A th mT DAAE SCRRY R 3

A KA TR B A e 35, SO AT e AWy R, X B YR T e 5
PG ALFEATIS . Baillard 25 AU 250 1L Al o126 55 23 A AOAR R 35 T BR A, FEAKOT-SRHESR R 4y
L. SE S N A T BT R B K, SEBLEGEN 2 #]. Zeng &N PUL
TR RSB, PN A AT SR IR A E 2  Yang P H T4
IR &5 & J U AR TR (R 7k, KAy RN g5k . RIS T I 2 it e
ARFNIR PE D ATAAT TR DI, 3 e A T IR M S B A R A1k 2 iy R S BT B LA B
B, ik HERKERAN T MAP [77E, B ARG v 52 R g IR
Goldenerg &5 HL T — AN JUAMT AR S AR SR b A0 5 AN A ELRE A (R TSR 2y B 2, 1R
FEH T — M A BT T7 SRS U R B, GEFE s T3 T BB R . BB K
JERI T ISR R AR B ). % 7iE S Zeng HIJ7 15254, Ballester 251241
T AN R B G5 & 171 ek, DI S S sh R i s 45 &
N> ENMK S5 A4« Shen I NEL L AR RS TR R oG 45 K PR PRI G- SR 45 45 LA A B Jii
PR 43 ) o Surd B ASEH 23 T 5 K1 85 T i 4 oK 43 1 TR R 5 320 134, Chan AT Vese
JEFH T A Mumford-Shah 58 %5 K1 030 4 SRR, 2 500k b s gt B 2 M5
PO, AN SRR T AR K FE SR B
2.3.5 HERINEX

ST PRI R 3 T 28 X 86 11 2 1) g R S A0 T SR it MIRT G AT 20381

ST S I 7 2 R H BRI SR 38 2 AR 193 310 207 AL B A R 5k
5 B AR S N B S5 R i kb, DA B SEEICH OB H AR B 8208 120772
TIPS R R IE W RS T, AFFHER I KRR EAFR, o3 # R s r e
AT — AR, SEBLPRE St 2 AR B KN . Shattuck A1 Leahy!™ /b 1 18]
W PR 7 R S BUIR4 2K 7> %o Christensen 2P T — Pl T B0E (1) 2 %1059, A
T[] IV 46 SI B ok 46 K9 1R 2 1

PREE 26 T8 — PR IRBL I FRAT A BE R 48,  HA 9K H %2 ) Be D AR LRk e
Jo FETPRE 28 11) 5350 J7 1 IR A B AU BB S R FER 2, SR Rl 2 AN
BIG S SLID A R S B0 AR 25 b AT I 25, B 2NN Rt FRC IR 1. s I 45 40581 7
V02 PR R AE SR IR A 22 190 2% 43 B P AS S5 B2 B . Reddick 25 AU Hopfield #1221 4% 52
LT X 22 MR B AREIS B 3], Amartur 25 AR H T — MRS Kohonen 4
12 2 BP & 4% H 16 MRI K EHG 2ET 7%

A LB R I MRI UG AT 08, X A3 .
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2.4 TR

[ Kass 2582 g B (Snake) BISEBEIMPILIR, S B (57— HAF
BEATZ e AR BRI 2 M W) ) Snake ASATAS HY BAT &M [A)RE UK AR TEASEAL, 4
Cohen /BRI Mclnerney F1 Terzopoulos ) T-Snake KIS Xy &5 (R i o2
T (Gradient Vector Flow, GVF) I Caselles 25 [/ Hi 2k i g 140045

BAMEGR IS HCR TR D23 1) W, (H R X LBy SR A7 A — 1
BB ANREAL AT IR JURTTEAR s 5 ZEAA M AL AL B D S5 IR AR AL o B0 IX L8 ]
Osher Al Sethian Z5 2 H T 5 T/K 4 (Level Set) FHIGM LA A BRI, Y FkIES
HAASTERA, T RAG R T2 IO A, IF R BHR  FIRE TR 5 — AN T
o AESEA AR TR R I T i 2 AR 1), e s th 4 th iz 5)h, 20
M2k J LT AR AR, P2 Siddiqi 51N X Slds METRT 12, 2 T AR R B BE . {E
KHKFEBUETT LG, AR TERALRE B AR M AL PR F S5/ AR AL, IX 2 KA TV
= PN) W

WIRSCHTIR, ARTEAERL S I S EA M AES B AR TR PR, AP LU A9
AL BT
2.4.1 SHUEMRE

SRR B Kass 7F 1988 4E4E M. i TR0 EHE R I, 123051
IR IZ ), HIAF44 Snake B8 OB (R REASJL B Ay - 4 &G J) 0 e i e /)
HIN, FeERZe A7 B B A BB A E . e BRI N . S RAMHAE S J7 A
), R LR 1Rz ).

(1) ks

KT 2D S ECR TR, B e B X (5) =[x(s), y(s)] &, o s €[0,1],
FIS 37 1) W ALAF I~ feH R s /N 7 1) iz 5

E=] %(“ [ X () +B1X () )+ E,, (X (s))ds (2.6)

Hrp, oM B AMMERE, HT#EEIAZTER LN K ) (Tension) FlHIE )
(Rigidity) ; X (s) F1X (s) 7l mSHb 4 X (s) I —Br A = 24 E,, AT
FIRREL, A H PR UG B R 1 A7 R s -

EQ(x,y)==|VI(x,»)[ (2.7)
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E2)(x,y)=—|VG, (x,y)*I(x,y) [ (2. 8)

Horb, TG, y) ABEKEME, G, (x,y) LWRHEZE Dy o I it B, v i ek
Hr, « AERIBHAT.

M (2.7 A1 (2.8) W] WLAEIL F AL E MU AR, T35 pR Ik Bld . A
W R R v A e /N T 1z sl AT DU e e e e i SRS BRI AL . A
117, Snake [¥I4h 77 5E SCASMEF R LI ST, Wal (2.9) Fros:

F, =-VE (2.9)

ext ext

fe/Mb (2.6) AR TR L W0 R KB, (Buler) 5 R2PY:
aX (s)+BX (s)-VE,, =0. (2.10)
WRHE, =aX (s)+ X (s) XA ATy, EHGFEEZME (Stretching)
Il (Bending) fEH, B4 (2.10) Awhvl LASRIG NN I A1 VAT 5 2
Ey

FESCRF 1 Snake 0 EIH, BURIORE—MEZ SBNN N ETRIOA 2L 4E]
S P SRS ORI, K5 TF I B I T S B . 0 2 BT 2 o 0,

F; = a)exFex,i + a)inF;n,i (212)

+F,, =0 (2.11)

b, o, Mo, 735 5N IRA JTIIBCRE e ATl BLEERISN A e = ke
TEFIR AN e IR B R o, I, 8 BR G ARSIt KRR AL, B S AL
B, ERELNFE RS AR, BIRN IR 0, I, BORIELFH
DAL, X S S AN [ IS AR A 0 T 2R AR T PR O s AN 2 B F 0

BB R AL E R R R AR BB s, v, Ma,, WRAEAE0EH,
JUESHNTEw

s (t+At)=s,(t)+v,(t)At (2.13)

V.(t+At) =V, () +a,(t)At (2.14)

ai(t+At):LFi(t+At) (2.15)
mi
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Horr, m, R e, JHRBCEATN RS, WL RBOH S T INBCGR#; A
BRI AN RE o D4 R S A A -
v.=a, =0 (2.16)

FIEFIL RIS, A mi T BEAE SR A B R I T 435 o« DI 5 N —ANFH
JeJs, BABHLE I T (e, A RBER IRAEIL S 2 Ab i 1kd2 ) i BrinBiLe J1 izt
ML R RIT A S, B ARl E X

F

damp i

= DV, (2.17)
Hort, g, AL MR (2.12) BAF T LSS Y

F:' = a)exF:’:'x,i + a)inF;n,i + Fd

amp ,i

I, —AMESEH) Snake ZhaFHE R % AT LU SRR Oy < 15 0l T TARid sibrid
R L, A, ML Q2. 18) $ROLIN & Kl g (2. 16) , ShA IR H bRk
JEOXRIX, B Ja 58 ORI K 70 o

(2) ZHAHE MR A E AL

O = €37 S ERZ /W

A BRI S AR AR, DR R RUR A H AR AR (10 56 36 A0 RO 20 3 70 81 ] i

B. AT AR AELE NI P ) DM R L 2R H bnad S i A o

C. BAMSHFRR A T A HAIBIRI S S T lig

EIRRREAE T AR PUAERIROAR, R s T 7 G S SR B R AL
BB H AR AR it

@ AL ]

SRR — PP T e/ ME AR N R ik, el A 5 A AR AR ]
M EHERL R, IR AT S W R L 55 iz 5y, AE R JERZil 2130 S A E N e
/N o AESHCRIUAR R R, 10 SR R 1 1 R T R A A T 3K R R HESN 11,
B RERIEBR G R AI BT O R, I TR BRI 31, R EAER L,
AR PEIE BRI R OR AR . Al X S 0 2 BB e S A XA R AR L, iy
DIy B SR B G R AR 5 o RN e 8 BB BIm R AL AR Hh A, Al
IS RIS R CHiER e (8] (R 23 0k B BE— 2D BEAR . X T ZU 0 M R A Fh 41 R
A, FREAAAE S YRR BB o RO B O I G I LAY, R RA £ fig
S AR T LR, AT DR 0 3 SR 45 20 Ul R IO MRS . TR R e e 2k

(2.18)
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(RTECE RN A1 7 A R BORCE (1) 20 B 5 U, 208 RARFE RIS AR, gt = R
VR IRAVIIEZE e
MG R U, 2 AR F AR 7 P 2 BG40 B v A7 A8 LAR J7 TR e ORI g 441990
A, BRI FC R 2 1 W€ AR TR MER 2N 5 H ARl FAHIE
FUOREB I R RA R AL
BUREE XA R EHR B E AN A A R 3
X E5 A 101 T FE S 1R S 24 03 ) ) A A Bl o
- OOPIRA BB 3 T TRDRS SRS A P AN 5
EE?ﬁ*?ﬂﬁ“ﬁlﬂf/\fpﬁwﬁtEiﬁ&%ﬁEE?‘fB, ), AITERTFI) H bR 5 vl g
PO JRERES B, 17 B AR K R e 73 B (R o DRI 2B AR TR RS 7 00 AR N
KR XA TF LB G & A E R R E, AR BEE T Ak El,
B _EIRAEAE I, Ot T2y vk, Wik B R s (Gradient Vector Flow,
GVF) A AR AL 1960 01 fap 25 JE AR AU L R AN [ ) 5 (102 TEASE R AT 8T AR [ ) £
FEX ZHA AR TEAL A T ek

2.4.2 ESHTHER

S HR U R L AR TERRL, PR /KF4E (Level Sets) J77%, #AIfH Osher Al
Sethian T 1988 #EAF HAg SO B v i BN oY, %07 vE A Wik 2> J5 F2 (Partial Differential
Equations, PDE) /E A $0{H 73T (Numerical Analysis) /77554 AR T-Beyl) vz 12 H T4 B¢
I s SRR . A AR TR ) —FEa, AP TR R I Hh il T 2 AR T
TR BT R R (R W KB (1) BB — BB R AR BRI 5 HARHINE, 750
— BRI S H AR BRI R BUBAR 22 BRI, AR 75 S B A 5 s A
HRZHA e 2 HorRIZKR: (2 BEMR R AR SRS, 14322 (Splitting) Bl
7 (Merging) I, SR SN LAY E R ME o i 7P 88 D53 3l kg 11 38 sh AR Bk
YEA AR M SIS —YE ¢ s B, AR S il vk T 25000 A8 TR A i 38 2111
I3 B

(1) AKPET %

RV T Rox— M4 L (Interface, XFX Front) , ‘& ] PLE —4Erp () — 2% 1 & ih
% (Curve) , ] LUZ =4E 1K — AN PG i (Surface) o KA1 3 22 AR 2R AT T
VE R ZIKF-4E (Zero Level Set, ZLS) kAR m—4E MR, H—AKT B3 6 MK

e {p = 0} KRFGIR T T (1) Mz Bk

=2 0 W
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XA T &4 s gk, RHEBESER, Boee X — D 4R d(x, y)
H(J7J(qzé%
F={(x, )| d(x,y)=c}» cRATEHEL (2.19)
XFE, WRTHEMARL, nfLUE A4 A2 R A(x, v) =c RA T HPAH NI
AT HARKRUL, B I AR B 2R T(r) , AT 3R IK N B B TR AR AL 1) —
AR B P(x, y) A4, Bl

p(L'(x, y,1),0)=0 (2.20)
X (2.20) X g RAETE, HE A RECR T B 75
$+F|Vg=0 (2.21)

Horp F 00 =V (0351 4y i

outside
¢>0

2.2 TR R S DX el 7y
Fig. 2.2 Embedded Function and the Partitioned Regions

X HBE L (x, y) -
$(x, ) <0, (x,y)fEBE LT A
P(x,y)>0, (x,y)7EE A HIZT S5
P(x,y)=0, (x,y)EHHME&T L.
PRIER B(ox, y) R DXCBRIRI R 7 B 2. 2 BB
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BRI p(x, y) IR FEAZME— 1K, T H B A(x, y) R~ E R AL (x, ) BIHIEZRT (191
R, Rl

P(x,y (2.22)

)= dl(x,y),I'], (x,y)einside(I')
~ |=dl(x,),T], (x,)eoutside(I)

X, d(x,p), TIRR R (x, y) BN T Z AR G & X i £ A0 R i Tk
B RRECEAT W A o
IVpl=1 (2.23)
X RERA @(x, ) IR AL AL FE I 5T 1), B R BEI IR “ B, kAT “~FIR” o
A RN T AR E Tk

K 2.3 Mgkt E K
Fig.2.3 Example of Curves Evolving

XHRE, AR ER B G, (x, ) = p(x, y,t =0) , JTFE (2.21) A LURUEAK 4L
e p(x, v, t) B T R AL L {B(x, v,0) = 0} IScAT, B @ AR 42 B AR T .
3 (2,20 XML T T () 725 BOR N A FE & 2.3 Fror.

M (2.19) - (2.2 ATLLVEW, EgEddEs Fr, L @20 ik —
AFRUER] Hamilton-Jacobi 7 #E. WSt MIZ 8 HH H Hamilton-Jacobi 7 RE%K 7, HA
A

A AELRT —ERKAERPCREAE, bk, gaelE Hnyifm, wmi

@(x, y,0) CESRFP R R K AR R SR OrFr 2%, LR SCZ B, Ry

P Sl
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B. nl4i &M S R 2% 475 (Finite Difference) K JE % £ {8 & it
(Numerical Approximation) J77%, LA YIRS 8] 55 2% [a] (1) 5k 23 5 R SR A 1a) i, 4=
(2. 21) Wi — FHAEUE 7 ek s

¢ir?+l _¢; .
vER (F)V,9,)=0

#7 = ¢ + At[max(F,,,0)V" +min(F,,0)V"] (2.24)
ol g A g AR ) TS TS T BT SRR EG T
V" =[max(D;*,0)* + min(D;*,0)* + max(D,”,0)* + min(D;” 0)°1"*

ij 9

V™ =[max(D;*,0)’ +min(D;",0)* + max(D;”,0)’ + min(D,”,0)’]"*  (2.25)

ij o
i D, Dy* s Dy FLDy o3 5l 3o e [ AT 2 53 {6 -

D = ¢l/ _¢i—1,j D = ¢i+1,j _¢i,j

) . -

i Ax ij Ax
D = Y=, Dy = buin =~y (2.26)
Ay Ay

C. IS A PERBREL ¢ W] LA J) Ml o 1 5T A R LT R v,

. V§
= 2.27
"Vl 220
RONPNTIELR 7] 5
V¢
k=V. —" 2.28
Vo (229
Lo h
Length(T') = jQ 5(P)| V| dQ (2.29)
SN RN
Area(T) = IQH(—@ IV$|dO (2.30)
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BB M e N B THIAR
b, H(g) & Heviside PR3, 33 P s H , (4) 18IECe &N/ INIHED »

H_(§) :%{1+%arctan (ﬁﬂ (2.31)

&
S(¢) 5 Direc BAEL, 1HH T Heviside PR H,(9) TR IR:

5.9 = H.(f) =~ —"—
TE+P
D. IEXF KA BT 5T LIRS 2y M) 21 = 4 ol 5 iy 42 1)
(2) et
IKPEEITEZ B LARET 2 N TR 4% . pschlg . BRAL PR AE s, HIL R
I B R B ANT] 43 o Surd S5 3% U R 70 THR A JE R H XS B, R85 5)
J75%15) M IEMIAE (Regularizers) FIAEIENI{k (Without Regularizers) P,
IENAK IR IR AR T I I8 2 18 T I T Ge vk I X5 B o X 2RI iEAR 3
I8 I AL 28 R )R 2 Dy - BSOS DU i i 4 R0, ST ki ok
U1 R A AP SR L RN e e 22 MR o B4R, 1 AL /KP4 5 VAR I H R L)
SrfetE . KBRS B S, AT RLikgr ) R G 78 a0 R BRI R el 4 R
ITEARAT BN, ALK AR HEZE S 4 R4S R (03 40 O 5, WA 23 1 45 5 S8 A RS A 28
SR AG 1K AR TV 8 T AR IE W KAFEE DTV, TS USRI FH A 2ok G P
RAEGEAR ) R BB /KB TTEE P Y o BRGHIE FC v B s B 7 #E mT UG e, 2]
IR TSR T B S He BR R (P BE S B e o I A Bz B e R4k e H bl S a5 1k,
et 1 77 F A 1k B 58 B AT 1 AL IR S 3 2, T A0 228 B 30 IS P 3 5 4 I L
Ko Nz SCEYE, @S MPRATRe R Ze i b “A5 ik o B, MR N st il
A5 GBI RS 0 FE I TG RA Y, T mg ™Y, 3T mfdR
U331 e Fop g il s 10045

(3) HEPEVAINAEH 15 T )

R (2,20 P F R ODL =V A4, SRR (v, ) € T 1M 2048
$ =0 HKPAE) 1A S TR . (RN BRI 6 A2 5 SCAE PG T QI [T, O T
SR (221 BERAEQ BN — 4 (x, y) € Q MHIEHUL DRI, TALELE g
(AP i PR DRI . Ik, TRkl (2.2 ARIZS A

(2.32)
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$+F, |VPI=0 (2.33)
Horp, F RRMERERE, B R R N A TR R AL
F,=F,Yp(x,y,1)=0 (2.34)

TRM T (2.2 MEEVHE, D — R BRI ek R K (2.34) FEK
(RIS F,, SRR T U 5 3 ) S 4 1)

Sethian $2H T — P IEAT ()2 RGOR SIS [ ZEFR T, 5 R a2
BN RE TS S R, A e Al e, 8@ PR N 755 1R
Bk A, JLE R T AR XK.

ARSI 2/ it 2 (R isi Ak i), JFC A TP (S A ke T il &8/ 0 T ) J LA A
ANV B T — P () S T ()R A ) o AEIX BRI O, R T R B AR I
Jiidi, VRS 45 8 (1 i 28/ Mo 3l 5 FEASUOR TR N R B 2 A o, i FoX
THRN R A A A A . it 2R OB 1)z 5) -

or . _
E:kn (2.35)
R FR Y B s iR, o kPR . O R KPR T R

99 _
—=kIVg (2.36)

S O A T ERER, WSt (2.35) FOT I iA & KB 6 I
THMME, T (2.36) PP & MPIR Y 6 15T ACT e 11 .
WRTTT, ELRIE AT o 700 (L R (R o 7 S B BB 24 20
B RSP, S R A TR T | VKT | T B sAs , H f
K| Vg T 1 I B 5ok S S oS L B R . B,
BT TR ¢ MEHEAUR, BRI (Re-initialization) , LI ¢
P T B TP R R B A, | V=1
SR I Mo BT LS SR AR L 8 R s
%8 — sign(¢"1- V4 (2.37)
Ko g TR BB RN LIRS, Sk (2. 37) SAFVRASE, Ui g AT
VIt SRIE T LU ECAE BRI N B8 B g, AR R T TR (R
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WAEBER ¢ BB G H AT — U, I B s R . B, B0 2 DS S — K
HATIRA K, AEAE L REAR S SRR A E

(4) Fesg P i)

FEARVAETT i, Fae & B Courant-Friedreichs-Lewy (CFL)ZFKARIERT . CFL
AV RB 7 R A EE A /DRI B — R o X R A BB B A/ Ar 22 /DRI BRI
(RO BE |0 | —RERIBR, B Ax/ At >|u|. IXFEAFF] CFL A5 KL R

Ax

max(|u|) (2.38)
Ax RIS TR B, max (| u |) R FEAN V-1 _E P A IR i 1) B RO B AE
X (2.38) wLAgE— il
,m(99ﬂ39j<a (2. 39)
Ax
AP o<a<l, HHMNBELHEMLPIEFEa=09, RFHIEFEZa=0.5.
=Yk CFL 5] LR an R IE K
At-max@u—|+m+mJ:a (2.40)
Ax Ax Ax

Horfru, v Hlw &V = AAhRED L5y i
SEPR TSI, TRy, $ IR R Eh A sOE R K

(5) S EAARTERRL L 5 A
OHEZEA R TR F 2R A2
A. B8 B AR HIACER I A SR (AR AL, X JE KT AR T VR I B KA A
B. WU HC R AN BR AR A T HARFEER LR, WANEERWIURHE B M+ 0 4514
55 HAREC B LR [ H b S5 A AH A 5
C. AR T8 &2 (1) A AE JUAR] 1 0T T AR 25 2 b R 7K PR BR HOKR A 5
D. Gy T Il i)
@ AESHABTA LRI LL T Iy i :
A KSPER IR 3 B RE RN
B. XA AR 5 I BEBE VT DRIAE
C. JKVEA IR T = i St I I 4
D. WU G R R T8 ) A
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AN AT R T, T AEdE— DR RSz N HRRE I S B0 I AT /K4
PRECK AR, PR EAE 2K, WIMRAS 73, B k2 n N4y
(Narrow Band, NB) Jj kAL 25 i3 777 (Fast Marching Method, FMM) 100, sofF-3ft
J5 7 I e T AR 4 ELAA (1) ) e 62 7 7 2 1 E A 29 o o 31 S ikl It 7K P-4 1
BB K IPAMERR o 5% a) K R 2 A 22, Forp— A B 5 5 B B B A
SRR R A (b as B A5 1k 07 o RN 75 B S () JC VR DRAIE S J38 2 AT Bk BRI A,
15 IE TR BITE TR, HIs B 58 A N E o R, AN ] i Gl 0 E 26 X 3l = A= s T 4%
HAT, sl E27 ZAMWE, 2T N R RS B g v (5 Bk 148 iy 1t
ITIEWMEAIH, o — P2 5 I AR 1, BORAE R AR 80 2030 SN ™ A 2 8 () 4
1), R — DGR, HEiEd N L, AL E R SIS
XTI A TR 0 3, BAR A ZHCUBAUIBRE 4, R Ry ia4e & H A
BOIINy, WACTREZ IR . AT RLES S BRI RN, I A5 S SRR, iR
B AR KA T REIN

2.5 BIRIFMEEN S HEER

2.5.1 FIRITAHAEN

X3 BV EE TR IR H A2 T el SR A ORI 5% o o3 S SR R P v] LT
RL M I 7 VR SE R 1 7 R AT, DDA T 30 Tl 93 DA 43 9 R S 5 i 100
G373 AT O E AR B () SR BRI e LA VY, T S AR 7 2 A e
TR G153 ) 25 RN PR S50 . SE30 T3k XOnT LLay AL FEVE RV 223 P 2 o DL Vs
J& LU ST AR AR D Al b () 6 IR I A (4R e ek ol P 5% 4] 0 S 45 SR8 (%) 4 i ) R OF
P BRI ZE i N 7y 45 RS2 K I L, 38 2R Bk X
FhZEn ] OIS TR R B R =EL Wl DUESE TR B R R S A, ekt
Ty RN R A 22 0 5555 . VRV T AT B S 2 IR, T s 22 1k a2 W 5 A
Z 2% K&

RN A 2 RS R EE, AT DURR A HRF s AAN AT () 40 4, b B
I 20 IR 08 B SR I VR B o FH IR 2 S0 R0 FEE VR PRI B0 4G - DBl TR0 BE B2
(inter-region contrast) « [X 35k P —Z( 1 (intra-region uniformity) F1 X 8] JE IR B (region
shape) o i FH (1) H 1708 & S50 19 22 77 32 00 00 B8 A0 45 - H Aot 25— 30 (object count
agreement) . 15 2 i1 215 % (pixel distance error) « 5 Z& 405 1% % (pixel number error) , i
LR (ultimate measurement accuracy, UMA) YR8 & (overlap measures) P!

W
L
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JE R 53 1 73200 43 B I PG W] LA AR B — Le S50 IR Z= IR 5 ), (H2, JFAERT
A INEETE e AR RE IS T 7 P A3 21 o 1844 Ihib ik = A K G o I — I B A R 43
P8 ER K . 5 B RE B VPRI AT, BRSO P Sk g R S 2% K
B (NLTF3hn#, s S ER . BBl “atriE” g BT 70,
T 5 2 B E P b PP A I B30 ) ) o o MRS 2
2.5.2 5EER

AT A2 R H S W R SL A AT VR, P B A e bR T S R U
(Sensitivity) , ¢ (Specificity) , SAAPERE (Total performance) , %43 #|(Incorrect
Segmentation, InS), LU (Similarity, 5% Kappa index) , {BFH % (False Positive rate, 7, )
FIE B 1 (False Negative rate, r, )51,

RIPSE = TP/ (TP+EN)

RisdE = TN/ (FP+IN)

EAMERE = (TP+IN) / (TP+FP+TN+EN)

W5 #| = (FP+FN) / (TP+FP+TN+FN)

FIBUE = 2TP/ (2TP+FP+FN)

EFATE=R = FP/ (TP+EN)

YT = FN/ (TP+FN)

Ferp, TPL NG FP AT EN 735l BCRHYE . ECRIPE . BHEAME S PSR = 5

i

m

K 2.3 HEEHERR

Fig.2.3 Overlap measure
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2.6 ARE/EE

ASEEE GG R T MRT R AREAR, A R R 1B, T2-
JBCHT PD-JNA MRI B8 K HURs o AR JFRHI MRT 23 505 VR 64T 1 [ S s 20 31 55
B NFET S K BRI ACPERRILE SRR, I il LB ST T 4
VL, Sl T SRR AN AL 5 o T R I IR 0 SRANE MR 1), W] AT AE
AZ X o AT AT FIEAE I PP b AEAE 1 TSR 21, IF4s T AR IR 5
VRIREAT VAL 2 2 R AR .
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3 ETEHAESMBESHUTIRE

3.1 ik

BHZ o> Fe ¥ BRI 8 B4 % BRHER . EAES XL, FF5e i B H br
B AR FE T, PG B B A X IR L i I PR 3 T S ) i 68 1 X sk A
I LS BRI 0 AFr AL o ORG A by = 2 PR BEA T 081, A7 R0 B 2 ] &6 A 118 20 B
FBRME, EIRPKIZW. B AT DLAR T 55 2 J7 h B E 2R X

I HLE S8 5 2k Geodesic Active Contour (GAC) MOVE I ik HEAL RIS Level
Set HARMS PURGE G585, BAT A AT ihZ3n P a5 AR ik, Betg R4 i 2 A
HARFCERIL A, e SR A 18 3NERER . BUER S BIFN 3 56 7 A3 202 N
{AfE 4 GAC J7iEAFAEAN S FIERFE  155E, BIA PR A T 2 T B0 LA 45 1 E 301
Mg b, R R G %, M2t fuis b, M e e S AT A E AL SR,
7ESERR MRT B, ANFEHLR Z MR ATEW DA, 01545 h e 5 OE ) R A 4
FrEIFANZ, A& AR 1L, PG okl i 5, 75 2845 1 BT )
fi ko IR, FEBBAFAEME I, 38 75 20 BB AT R R B 0P A S ab B . X
FhACBERSOR] T BRI Sk, S i A & R A3, 18 A FEE AL PRI PE S . 4t
X GAC JHiEAEAER ), SCoRrp 4 T — 28k 777k, f#E: Chan Al Vese 32 Tk
G B A2 SR LT Mumford-Shah bR 5(58 1 30U 5 5L 1 RIS BG 45 1
T, DAV B8 20 B3 o o) B BR JE FRAR I  Yezzi 25U 2R I 4 (1 Gt 1 EA RS 4 11
BEEEGG R, SEOLZ ARSI E. Leventon M ILK: USRI Z6 56 1 EL 5 TN B &I {3
(R E0, A i 20 B RO VREAM 2 o

AR AT B G BEAT H 7 B A i 25 Al b, RV G s R B0 B TR, LA
PAF EUR G R ES B E N AR, BAME S GAC Tk kT MG LA D45
1EI, d5FAEE I AL, SE R 15 #] o XL T BURGETHRHE ) FIE Y. Level
Set 73 FIJ7V%, KB T EUREHEE BRI, #ef% vk GAC J5ikrh i T BUR IR~
T TR R RN A2 5 0 A A SIS PR )R, A a8 v BEAZ o3 B E A PE  [] Pt A
R T ARG GAC J7ik & BEAE— D J7 ) Clal WERE [ 40 BEAT IR IR, S T
o R SO R R RV IRy 2

AR TN LZHW R : 3.2 WAAERS s EM 8535; 3.3 WA AR
W%, R EHT B S AR BB ks 3.4 Al BRsSEEL; 3.6 "Rk
ATV SRS, g R e, 3.6 MAENAL HFE L.
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3.2 RABHMBRSHET

3.2.1 REsimEs

TRAE A (Mixture Gaussian Model, MGM) & —™ i H I F 8 VR 525 B2 40 A 1)
B, B2 AN Sl oA TR S 0 A o WA S B A i) — AN RS, W R T i
AW Z, R UAE RS BT R L . IRG ST —Fh g, e
R A% IR 2 b 200 e 2550 ) v B s 1 0 A B R

TG T i SR KA 1 0 B R B 2 P2

K
P(X):Z”kN(X|ﬂkazk) (3.1
k=1
PN ) 5, BN 1, WIT2E0 S, R, 7 R A R R Lz, AL

dYro=1, Ho<rz, <1 (3.2)

k=1

TUAE VR AR A B 1 2K
B3, L gyt 7 AT = A redr 20 S K TR AR R 1 7 191

0.015
0.01F

0.005

0 50 100 150 200 250 300

B 3.1 R A R
Fig. 3.1 Example of mixture Gaussian Model

WAL FRII AL, TG B d F s -
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p(x)= Zp(k)p(X | %) (3.3)

¥ 7, = pll) BAERBARAEA A0 k DNl 2R MR, N w,.2,)=
p(x | k) BAEGTESAT kT x FHEZ.
3.3.2 EM Hik

X T8 8 TR G s T, R AZ AR RN H R AT 40 KBRS, I A e
Brp A B U S RS, IME g, TR, ARG R 7, . TUAEZ
TR T X L S E AT A v, e e i FH R DL R AL AR A T Sy BE A 1) 0 B dpe K ARV
(Expectation Maximization, EM) % "1 BNV 850 o 5 %0 A I B R o SR 58
HERE I KR T o AERURAh T rh, Tl IS R TH B S 4

(1) A TS 5 AR A T

P “ATERER” — A RSO — PR U E S R A G 1 BRI B f s, R
S B R IR AN e s o — P X SRR s B E A o3 IR AE, 15
NN ZE (Ba 5 B R Ja st B 2y Ak, T e s an s B34 ks 1
B et MR IEEEE BRBECY “ AT eBdE” o AR E WS B K
N BEEAR R, AT AR B AR R KA IS AT LUYA 455 O Kt AN 56 3 )

L X ={x,%,, %, n DUEBIHEASES, H={z,z,,,z,} RREELEZ N
P n AME, SWEBIPFEA——XN, Bz, SEIRFEA x XN, 2z SRR A x, AT
IERFAREE o

R WL 2RI ECHE AT AR IR HUUR pR S Jdn B K

L) =logp(X|0)=) p(X,H|6) (3.4)

AT, S B R AT AR W] LU I3 A W5 31 1) et A AR 25 25 iR LA AR
X R A R, EARER T — LRI SO A S /IR p(X,H | 0) « 15 R
SRR, B80T (1,2, k=12, K} o IR ARACKIEAR R HL, Al DLk
S0 15 RAIR -

(2) EM 55

EM 5052 — MR RURAL THIREARAL 5 . B AR OE AR RE A8 DR UE LR B
HOZARBE . RSB A B DA M DR, E DI RIS HImaE
—UIERAR T EASR BRI . M BB F KAAIR bR R SR AT 8 1 2 5
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(1) E P ESEOTCURHE 0" WA, VAR AR 10 SRR 26 2L
L()=log p(X |0) =" p(X,H | 0) KT ZANMEHI A0 p(H | X,07) [

0(016") = E(ZP(X,H 10)| p(H | Xﬁ(”))) (3.5)

(2) MPE: GO Ko, MEHEHOO]6™) mkik:

6" = max 0(6]6") (3.6)

EM SRR A T AR Sl IS AT SR MR s A 5, Fels KL R fR
FURIRESE o« (2, B REE R BE DRI SR B 5 SERER (1 R OE, A BERUE S 3 42
it RKAB o AN W AT (R RAZ 0] U M0 S B IS [ IR AT AR EA TIRA, SRS AR A5 21 1 £
Rk PR AR, X Al AR WIAR (2 DO 45 R 1R 52 o

(3) EM SEMTHE A w25

KT A KA m e AR G B RO, S ) wniE R SR AEACOR RS
s, MRS S8, 2 |k =1,2,, K} 5 R, AR AE R A A8
B E N SH, WA DS R R A A T REE A AN A SR, T
RIS, s M BIATEREEI AT . EM SL 2 AR A 58 B 16— AN S

SR E A 0 O K, FEAKON NN, EM AN E DB 1 S E L
P

K N K N
0016)=2.> pk|x,0")logr,+2.> p(k|x,0")logp,(x,16,)  (3.7)
k=1 i=1 k=1 =1

o6 | 6) RT3 kAR, x, WHER AR BT I T s p(k|x,,0) Wk
AN I A8 I B2

pk|x,0") = 7P (x,16,) (3.8)

K

Zk=1 7. pi (%, 16,)

EFFEIEE 0(016) i, 15 M BB A (3.9) - (3. 11D FFiflivhik
B TR I AN S A

n+ 1 S n
P :ﬁZpk(ldxi,H,i M) (3.9)
i=1
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N
> 50, (k| x,6)
w = (3.10)

D0 1%,6")
i=1

N
D ="y p(k | x,,6)
chnﬂ) — i=l1

~ (3.11)
Zpk (k| xiﬁelfn))
i1

EPIRA MUY, ELEIEI % S HUERSON 1k
3.3 ETEHEAENMIFSHULEMRE

e

255
(a)

bl

(b)

K3.2  EHIJTERE
Fig.3.2 Examples of Intensity Histogram

255

PR AL T 7 P s R (1 2 PR B b A A AR DR, A ) LA A 2 PR
HETL o RGP (1 H AR D 7 ST P O, HL 5 XN H AR DX kA
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KIE FA —g Mz, WAz BRI K E T B S IBE— TR, Hoh— AN b T
HbR, S5 AN T S D KB . AT R EE, JEIRE R, e
W, B 3.2 FURH TN E TS . B 3.2 () TG E T I IR AL
R, P — AN S, SR H AR AR 3.2 (a) F, HIT KRR 2
MR

AL LT K ) 2 R MR AR 2 A o A 18 I, AT DAR e BG40 30 1) 7
IFH,  E S AR IR IE 2 2T DU JE 22 Level Set 73 B L AR AT H o
3.3.1 HAEHNH

WA H AR/ 808 S EHE K S — TN p(2) , Hh0<z<L-1, LN
BRI K P55 2. 1AL BT 1 p(z) AT LLEAE R — 2 S o3 A B nBCr - B 8
PANERY L RIED ST = R A N E WAl <iF

PE) =Y AN (2| 1,0)+1(2) (3.12)

Hr, N(z|pw,o) ¥MEN u~ HZEN o MEiifES, ~ 28Ul r(z) ehkzE,
k Ry AN TR SRR A S 5 0nT DL I B /NP iR ZE HEIN Y B EM S
HEATAE . ASCH R EM Sk vHE & S Al 1 250
3.3.2 SN HmSEtit

X} LT EIBEAT o il A i e AN ST A IR IE S L Ml . o il o X T
X (3.12) , W3k ANSETHER M . A SCRH EM BT 28U BAOb B .

@ KH] Savitzky-Golay 75 3EM Ik 5 7 RIBEAT 1 AL BE, - DL B8 155 1] v ) = o e
s
@ WIS E, W EM B UG R 7 B T m i A, Ak s i i 25
PLE IR A BB

@ SRS . WA BEAEAE (R AR B2 rhry, K TR M 1) 7 9% LA
R, FEFEFAS VS A S BRBR S

H5 AR AR ESE (w00 5 i=1,.k TR AR R E, 455 ik
WAk, SRS A
3.3.3 L& sh#BRisEY

Caselles A1 Malladi 25 A\F&H T HEATIH ZA I () JUART G 5 %6 i s AR 140-1210,
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%:g(l)(c+K)|Vu| (3.13)

Horb u RACTEE R ¢ WAL K TR Jo s R I0 g (1) 5 38 -

I
Ne—1
D =10v6 ~1p

Kb, G 2R o (mlred s « RERIafAr. EEAXE, T BRI
%, g(DMEET 1, IEikgoy bt EAGMIT, KB EEE T K,
g(NBILT 0, FEou/or=0, HekBbtbizil, M5t M ATER, K373 H]
Hit. X (3.13) WTLAE R — gk

(3.14)

& g ()F(K) |V (3.15)
t

b F(K) = 1=K . H0 AT, Bl L

3.3.4 1HEIRYLH

MR A, ARG A, T BB E Y 0, DI 10 g (1) T
1, e DUH Bl FEREA s e H ARG ML, T ERB BT 5K, i g() fE
T 0, MfEbLiEiIl. RMuE MR BB G e, W B AR AT B
I RN AL AN Z ARSI 52, A EHR I AN R 2L 232 TR AT I K3 5, B
A5 LI g (D AR E MG GAL BT AN F . DL, bt ASfE 1l 5
Ab, FEEBRINEIZ AT, T T SR R RN AR BEAT w71 g AL B, — 7 1T ]
DAJERRME RS CHMERAEAE ) Sy —J5ifl, WA T3 KA 51 1 /e fve s . X
Tl AL PR AE — 8 R LR AT AR A B A I REAT L ST BRI B B o ) T AR BT L
ZFE CTy MRT BRI 7 KIAEM S 1 M R NEE D L EZEH . B, X ab
WA T EUR AL SR R A ™y, A S ni AL E R AR S, 3 il 5 e A RS ik
NEE DA, i EO LA Sl fe B AR R AT G

M SRR, SRR MR o A (3. 15) H sk g (1), 1351 LA R Bk u
ek

%:a-(l—gl()ww (3.16)

LI PR o 158 COR
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1 I(G,j)eR,

ali, ) = {_1 L) g R, (3.17)

Hrp R EEMGEH TG kAN m T s N H AR X

LI RR ARG, R B EUR 2- R ER AR o 5 G AR 7 B v Ol P 3Rk 45
WRHESE Cu,0,) > I G — A0+ A0 HIRIE TS FIEATHR A B4LA, R
A POE T BAT DRI, 1 2 I 0] LASRAG I (1) 4381 45 5 6k B AR RIS S 2R BIHE
RS BL% . Abd-Almageed A1 Smith! 25 Hi ) 7 V2847 16 £
3.4 EEIZM

FHRT ) M ) A7 PRZE 7@ 3L — W 322, T upwind % 2CIE 7K1 R 4060 16 B2 AR

u " =u, " +at{(1-¢K, )[max(a(i, j),0) |V, u " | +min(a(, j),0) |V, u, " |1}

L) L6 LT

(3.18)

\
/
+

| Vu |, = {[max*(du_,0)+min’(du’,0)]+[max’ (du,,0)+ min’ (du,, 0)]}"?
| Vu |_= {[max*(du.,0)+min’(du_,0)]+[max’ (du;,0)+ min® (du,, 05}  (3.19)

A, || RoR 2 VEEG ar NI dul M1 du, 73 53 37U x 77 1) B R ISORT S 10) 255 5

u..—u. u u
_ i,j i-1,j + i+, i,j
du_ = y du = ,
Ax Ax
du— _ ul J _ui,J—l du+ ul J+1 uz J
, =
g Ay g Ay

Sy BT AT LA IS B
(1) 4 A 2SN E TR AT RS, RIEESH (g.0) .

(2) BUHRIFHFE S (u.0,) » BIRR 17 ERAREL al, j) .
(3) WEIHLBH, W (3.18) WIS s .

(4) AT
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3.5 LIGHER

Kl 3. 3 AASAF BN GBI R, IR B R 128x104 N LA EG . Egba
ML Y SRR EREE AR, TR EE R EIbERe. B 3.3(a) F103.3() R
GAC J7iE AT 4% Hodn e B WA O, A B I . 181 3.3 (c) F13.3(d) K
A E %, 20K T 2NN 2 Z KPR . WIURAAE PR RIS MRS
SEOOME 3.3 (c) A1 3. 3(d) & RARE], SCR AR BIZRE . K 3.3 H1(e) . (f).
(@) el (@)« (b)+ (o) g R L8 o B Rl iseR .

» » »o»

(@) (b)

(c)
© 0 " (©

3.3 HKEBOTILR: () VAL EAE BN GAC 20%l: (b) #Iaa AL B A R AN
GAC 73#; (o) AR R CEN AN o () ASCHIER 8 (ZRraiate) o (o) Kl (a) 2y
FEE R A EER oy Jr B L () B (b) a0 4h A 2e LB o3 Je il I (g) 18] (o) Fh a1 4s AR 2o L
SRR

Fig. 3.3 Segmentation results of the synthetic image: (a) GAC segmentation with the initial curve inside the
image; (b) GAC segmentation with the initial curve outside the image; (c) the improved method
segmentation with the arbitrary initial curve; (d) the improved method segmentation with the multiple ZLS
initial curves;(e) selective enlargement of result (a); (f) selective enlargement of result (b); (g) selective

enlargement of result (c).
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MIRFRIBORIE T LU, ANVE RGO B e BB G, IS EAEERAER, 7-#14s
RABAL NI, T T ENL AT AE W] R 2 o 10 AS SR K592 m] EAHERf T H ARt
7o, BFERAER . X 3.3 A B R TR BRI > B AR BT T S, R
L Taeikai R GBI ED o W EIgi RIS 4915, GAC Jiikrv]
GRS 3 BN GE RATEOR R, WIIRAL EAE SR K 2> B 22 K THIa6 0 B AL N I an e
AL A BERS RN BB NI R 2> (LI 3.3 (e) + 3.3(F)) 5 WA SCR A I SEAL
REMS VRN L A AT e A7, ARG (LI 3.3() ) 5 F34h, AR A
W, ARFD R R B, WIEB R BIE RA L5, RIARSE AT
o It

2 3.1 oy EIEG T He s

Tab. 3.1 Comparison of the segmentation accuracy of two algorithms

vz (D vz (4
4y B E: oy i gk B /% oy i g ERR /%
GAC 231 13.48 386 22.64
AHBE 0 0 0 0

N TP IR LR o R RS, SRR MRL BRIEEAT 20 #1505 . S50 R
Brainweb! ™ N4, 7E 10 AN 1 BG4 Lo B ECGR 96 D17, ZRERIEmG412%, G
SR IBL R EX 21T B % . SHWE: BB k=4, FOSXEGEL =2, =2, ik
ZH£=0.025, Ar=05s. PIHMHTT SR MZE Z ZKFEVIMGL, 256 MR350
ATLEHEA UG IR, Doy 3 8 o IR B NMEE LR/ T107
5x107. 107 A0 (/3 HIXF 1S 5. CSF. GM Al WMD) , iAokt 100 .
Pl 3. 4 Sy Horp— i 5 S L B AR ) 5 R AR R = T fi 2 2R ) 4 4

Kl 3.4 (a) ARIGEUEFIE . I IO sy, | 3.4 (b) AK
ikl s aBl g REaH) o MK 3.4 (a) « (b) BIXTHERE,
B T A5 A A A i 5 PR a2 9 2 RS S R S DA, AT A5 m 1 FL e 38 0 DA R 1 A i
B EN R NN . 7 EUW e & ) N EIvERE, X 10 18 E B4 1)
et . B —PEREARTEBED R RRHEIT T Gt 3.2 WGk g R, R PR = A
ML FIFRFRIEIIE: h T REER B AATERE, X 10 8BS AT T 4
i, 3.3 AGEEE R, K WM. GM. CSF ¥ H & 10 B 1T brti 4l 2L~ F
PG RARAEZS , 1738 — AL L =AML 20T 38 50 VR AR IR T B .
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(b)
K 3.4 TIIAE G ELK. () JRIGEGS BEEHIRT; (b)) WM. GM Fl CSF 73#| 45 1

Fig. 3.4 Segmentation result. (a) Original image and discrete anatomical model (form left to right: TIW,
WM, GM and CSF); (b) Segmentation result of the algorithm (form left to right: WM, GM and CSF)

% 3.2 10 g BB RITERESL IR b 2 H
Tab. 3.2 Average performances of 10 segmented results in term of indexes
Ef&FS
2 3 4 5 6 7 8 9 10
REE/% 97.82 93.76 94.18 94.63 93.60 94.37 93.44 9425 9401 97.11
T—M/% 9775 9698 97.85 97.55 97.16 97.43 97.54 97.51 97.51 97.90
BIRTERE/% 97.82 96.63 97.47 97.17 96.75 97.11 97.17 97.09 97.06 97.89

fER

% 3.3 Rk BRI A L AME
Tab. 3.3 Average performances of segmentation results in term of tissues
TN WM GM CSF Ty
REE/%  97.02+1.01 95.35+1. 26 91.78 +2. 52 94.72
E—M/%  97.90+0.22 96.45+0. 51 98.204+0.24  97.52
SURERE/%  97.71£0. 31 96.23+0. 62 97.72+0. 32 97.22

-41 -



M 3.2 3K 3.3 MG T LU, A8 git, amma#IvEaes s, Buk
M. Bt FRARPERE = ANMEFSEBRE T 97 % KR EI4E RALLE ARG, =AM5
PREISTE 95 %LA by WE R RIrh, BR T BURPERRFR Y 91. 78 %, RIRLAAL, T—kA
ERPEREFRFRARTE 98 %PHIT . /N IUARHEZE R B AR BV R0 03—k ks H
PEREDTIRL, 10 MR G MUK R ARIE R 94. 72 %, TP L — PEFRAR A2 AR TE B
FRPRAEEIE T 97 %, WA VL AT 5 (1) 50 F 1 REFN LR o

3.5 A 3.6 s &k F sl MRT §) 5 AT Bl se e sl . /B 3.5(a) &
2y E) MRT B9z EE, BRIl 256 15 %x256 18 %%; K1 3.5(b) A0S0 E 7
B D R T e S s il & g5 3 CRIED o B TR RAR, BUE 7 B w17 T
EO7 BB . A E 7 BELG rh, BCESRIRECH 3. TR as AL 5 (1)
FIIESHOLER 3. 4.

— HEH
- §il+
KEE
(a) (b)

3.5 MRI B E TR : () R () EHR LT I A4
Fig.3.5 MRI image and histogram fitting: (a) MR image; (b) histogram and fitting curve.

R 3.4 i ERIES A

Tab. 3.4 Characteristic parameters of the Gaussian componets

b 4, o, 4,
1 0.303 1.7198 0.72145
2 31.024 7.5439 0.13789
3 59.146 6.3074 0.14066
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50 100 150 200 250
(a) (b)

Kl 3.6 MRI BB RIZIR: (@) Kt (b) BT
Fig.3.6 Segmentation result of MRI images: (a) gray matter; (b) white matter

3.6 N FURMK TR B g HR . K 3. 6()H, A0 E# (ABFRZ (150, 60) 4b)
FIHpEE (AAFRZ) (180, 100) F1 (180, 160D Ab) [fiival REMS YA I 43 F K MG KT
A IANA S e AL HER . 1] 3.6 (b) Zefll B35 (AR kRZ (70, 80) Ab) FlH ¥ (AR (80,
120) Ab) (A0 7 #RRE A HEAT HERA I 73510 L 5K B WA EAT 8w 1) 20 FIVREAf A

3.6 ARET/NE

F M S R T2 AFAE I A SRR X 8, T FEANTR T R i 8L, DA el e od e
KR RS L BN ST o BB A5 DN 2 3 U BT URR A, AT BB A
R ZH 2R ) () S SE AN T, ORI R R A 245 R 1 GAC J7 i ARMERS BIHLALK
IEIR . BA EBRI XK EAE B SEEAR, R B R AR R . AR
SCHER I SRR, AR SCR 043 0 25 B TR TR B A5 L 45 1, AR DU T
B FFIE I LR R . LA R B B R, REWS B 3G N A 52 M 2 BEAL I 7
o] CECHREURZAK) AN MEAEGE GAC TVALEMI AR IR 6 25UdE S -h 2 EAL IR T 1), gk
DTN, VA RA T & B E . ARSI LU e 22 A BRI ITAT 70
F, IR HIR 2R 2R e B m, iy B2 A th 22 (e B, ARG .

0 L QB s R S e S A K= R 2 a7 S0 S e e i 7 e Al e B
AR A =, AR A HATSEM 454, XPE T IR 7> e i
AP LA AW, KRB RR BTN, X3 EE 1 R EEAT 2 4
BRMIZIALEE, Ao T IR 20 B br .
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T BG4 SR v R AE (M 29 R I AR G 500 b IR 1 BB B s 1R 0, 3
T 3G A AR T AN R ) A RS R s R L B A AT R B R KPR A B R AR A
Ao R TR GAC 3 F177 00 BB FEAE B HORE: 55 T BUR S5 B 2 R bR 4L
MI5IN, Wk T GAC Jrikr ih gt tb R AE—ANJ7 34T HAAZ0AE 43 RITT IR 2 Ak
SELF IR, AEAFRIAR A AT B R R4 B 25 A= AR5, DRl S5k B S &
Bt BENLZ R oIaa i 7 ks> 7N T, AR E 3l B TR SO
N LGB MRI BUREAT 1 315258, IR T 72 S AETE 4T, MRI 7 H 55
7R R B L — VR REFR bR 20 A 2] T 94. 72 % 97.52 %1 97.22 %, 43#r
&t R SR IR A R LA BB v 1 3 R
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4 ETXEMIESHTHRE

4.1 #he

T 3EHR A5 PR T g (1) 43 P 2R 0 LI (R AR AL R ) e 0 AR I R Y v R 5 Bk
AR LR o ey N R (R T AR N 2 5 BN T S o USRI A1 2R, ank i
SRRV o X2 N L35 2 A2 PR (A v . R AR S bR R i s A A o U, fii
BMARIFEEN, S WA DL — LS 50, U Alzherimer AT ZK it 7145
WA & T2k MRI BRI 81505, FRIX S5 b SR Ak B imAT I
—REE, W B IS B C-I A 5 e (EMD H/k

TESAT AT AR, AR A 23 50773, V5 220 SCHR AT In) 1150 07> #I52AR . Shen
DU ZE K] FCM S P 5 ION T AR 5 R 0 B4R, 545 22 10 20 252 B4R %
AL E R IE IR . SR S T A EI Mk fE. Liew M1 Yan!""'fE FCM 5k %
J& T A S 2T . ABATIAE H AR R N TR R I R IR R I3 20K
T, AR5 252 B H BARIAR I TR R A L8 . Pham A1 Prince! M H T {35
N[ MRI PGB . B S04 3 1 o e [m] s ek i B S AT AL OE - PRI 4351
& FLREASAT N K EANIS) 5] 1) . Awate 2 A AEN 1o 3 A BT I S BB ok 43 1) DT K%
A MRI 5. Fkhi@nl Markov BEAL 7 I AT IR, Tk MEEE T5 B S I RE
R BCEIAE DT EZ P HECHRIRY, F MRI B h 2 EUR[FI 4148 . Wang 26084 1y
T MBS FCM 02, SET RS IR T R ER IR R R IR 2 A o, kb I
READN e A5 I PTTHRRE ), Bl g v AR K

ST S A K T 0 A 0 431 PR 1 PR A SCRT> 7 T A 40 Weells 25672 T [4]
I RBEAT 23 73 BRI FEAN Y SR IE B, Bk H EM BE T 2 5000h 1 I 58 e a1
145 . Leemput 25 N iZ S0 AT T, Hikiiid Markov BB G| N 1R
G R IR TAET, XA EM ik YRS % e T aauk >l EM 5k
(PR R DG T KBS IEAS 0 AT IR e ) i, X AMBOB AR 2o L N ANBRE AT 205 A2, Tk
AT R R

IKPFAETTEAR IR T 2 N T BB AR BRI, R A4S MRI BRI 4% . Xu
2O RO 2> ), SRS (isosurface algorithm) FHAS T 2 [ A5 70 s B gt 5 44 1)
JE, RIRAIRIMEIE, WEERESE A RIE]. Cho Ak Ve R 52 M BLRUE
KA i K57 (Deterministic Annealing Expectation Maximization, DAEM) H1 5| A\ 7KF
EHAR ., FEPHES SR (mixture Gaussian model, MGM) FlIfffi 72 P48 k3 2H i
KELVL DAEM kit SN R KR, MR R K s KR MR 77028, K
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SPAE RS R R (1143 Poon 25 NI SUT Y AR A BEAR AL S, AR5 R 2 X
Ik BE R ITUR 0 #2000 % o Suril Pt T8MKg FOM SVERUK P82 07 VAR & B LATIS 36 S5 A 1
(Geometric Active Contour, GAC) HEZEUZ th) sk /28 B/ R B . SEkh 454
X I B AIBR BEAE L, BERRZ NI T X8 GAC (region-based GAC, RGAC) . HLZE
Sy SERL, G EAHER . 1SR AR LT LU R R 2R, (HE IR A e ks
WA R o AEARSCHNZSEBAT A 233 1S90, et 17— S8 jn) 8, anAs e 1t 1) .
FEIEARE R 1S RIS 45 B, (RIS I N W A A S AT IR FUR% . X R

AR BN G IR A E T XA TRATHE— 22 AT HE TR 20 A

FATH RGAC FEHHAT TN ANEIWIST, Kl 00 T AR P o JE 1% 3
R VI 20 A, FRATTIA K Il il 32 0 P ASUE PRI BRI T AR P i ) s P DX 3l 5 [
(1o M, ASONEESAT T odE, $eh T — AN DI, kg o i dh Bk AE R I AR
SE TR JT TR 0] R o S 1) ) S5 0 5 P 0 1 0 Al R WX A e A ), (RIS AR
BRI, WWSCEBELLR R, S4h, SRR L 1 4 55 2 5000 L IR Ut £ LA
FRAC o HIEIEHE Y e B MAN [FIREAS 1) MRI BEHG A 2ot 7 I A 21, X e ¥R A Fs T1-,
T2-F1 PD- i &5 -

ATR NN LZHW N AE 4.2 FfR AT Suri 1) RGAC 535 £ 4.3 Xt HAR
SEMERAT AT, e Sl s 4.4 ARSI 4.5 W IR AR 4.6
e SN A EL, B HIE N AKCFER EIE RIS IR G5 0 4.7 AN E Y BAE NG

4.2 ETFXEE LA ERRE

Suri SR TR A LT X R 1 LA Sh S B A R Ay, Ak B R IR T
5 i Snake IR oh AL IIERRY 2 A PR
Kass 25t AR HESN A28 S BE BB W T P s

oX o, oX. o*  _o*X
4 =5 Os) Os> (b Os>

ot 0Os
Kb X(s) 2 SFtbithsk, Hse[0,1]; y2EFH)d &% fefm g Al ae m A M RE =
P 2. MU (4.1) WTLLE Y, S SLEEIE pR EUBI R Bl T — AN BE B ek 25 s /M I
25y FESHHAMIB )R N B ) IL ], K 2 i 2 1) G an Ze Fnid Zx iR R Aik £
W RE & PR A e B — N BRI F o [A]— AN s 5 AN SO FH G R A
MR Ty o 3K P I H 4 0 B o RN B . 28 B R TR I 1 B 3 a2 AN 56 T I
F (X)), SNBSS OHH T BG R T1, REGHERRE. Z5{k Snakes BT FEM R I H

)+ F (X) 4.1

external-energy

- 46 -



ANEFBIB R IR I0IE D, T LA E B R SRR 2K« 2R Sl MR PR R
G B U A 2 R BT AR EbR AT RN R R M kb
R A AT — 2 0 DRI, 5 Sk 1 A E2% DRI T Suri kPRI (5 50 Sake
B2 SRR S, 5 LR MR 3R b gige s Kar 3 4 s 1

T3 (4.1 TP A SHOTOE Y A B A, TRITT Suri 414175 10 ) 7
F (X)) ARVESE A SO, I Fy(X) RSO, AT IR Rk A
MR, T E X F, (X) =, (X) A/ (X)), DRI 2 54 e B o] B F 5
i

oX 0

00X
‘el C o @, (X)N (X)+ F, (X) (4.2)

a

ii%%m%ézkﬁﬁ%%%mﬁﬁ,ﬁﬁ%ﬁ%ﬁﬁe:;,nz%%ﬂXyiﬂ

v =B St a2) arRses o
V4
%—f=(€k+%+ﬁxu/1/)/l/ (4.3)

i (4.3) 57J<¥£%7‘3?£B‘Jiﬁ%7‘ﬁ%%=ﬂk)/l/ JEHAIL, XHR N =-Vg/|Vp| 2

AR, ¢TSI 7 (k) 2 i R AR ) T JEE T
WA SR 1) BT [ B AN ), A
0, 0X
AT v 28 i ok o 5 R

%8 ok +V,) VG| V. V. (45)

AV ARSI I, AAERC: LR thEe NS AL, 5 SOk

— a)R
’ /1 Rind

Horb R SRR AT, HLR,, €[0,1] . BRI K THHER R £ B LA — A5

Ho

(4.6)
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2 (4.5) FH A MR s TR B Eosetn K
B =g = AV, (5, )+ Vg (6, 9) = Vo (X, 90} (4.7)

o v o) A T AR B S 00 S T, Y () 3R Tl SRR O
Ve (o) =V (x, ) | V@ | EHET DX I
Suri ﬁE)\(V;(x,y)j'\jmg]

w, R
) = Rind ~ 20 2u(xy)

FCM 53505 G BEA T RO 70 A 15 21

o, AR, (4.8)

Horbu SRR RS T LU
4.3 HFERBS Rt

4.3.1 TFERE
Suri $ VA ISR 23 81 SO B 3 7 AT e B 2 7 BT LIBCE AR 70 )
HERWEB. RGHIELEAE D (Narrow Band, NB) Wiz sy (Fast Marching
Method, FMM) . Suri %% VSIZE ST AR ABEE T (1 RORIAR S 1 4 B 46 5, R 2
AR T ASCSEIL TS, JERM T 2 M1 fiiaate 7 o 78 A7 Rk
AL, FAVRIAFACARE MR ), A A3 B 7 #1450 B pes B 7 114
ZURAN A T A B R 20 AR, 2 TAE R — RN, TTR AR5 R E
KEM b, FEERIHIEARL RS AT B E S U U . X LR W FIE A A
FRE DTN e e A5 — N, JATTPREN AR e MEREAT 200, JF 3R T Bk T ik

4.3.2 TREMSHTEYEH
(1) Fasg P
Suri X RITIL V. (x,3) = @ / AR, (x, ), AR, (x, ) =1-2u(x, y) SEX ISR
ISR, EEEURE 0, =05, A=1. HTRBEEHEu(xy)e[0,1], KHMmXIEFERT
Ry €[-L1], FTEAV, € (=00,-0.5]U[0.5,+0) o {RIZIRAE u(x, ) =0.5 HBL T A =3[
T a6
oA AR (4.5):

o9 _ T
Ve V=V VP =—"4 H =2k |V, (4.9)
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KbV |Ve| 1V, -V MIUEXHIR, ek | V@ 2. HKV-EI7ESE I (4.9)
i, 2R RO 0 5 2 X 22 4 Cupwinding difference) A% HEAT B, i AT 5
B ZE AT B L. Runge-Kutta (RK)H ] 258 0] LA kP Sy i s i B oS . i
Patsoe MRSk, A P IR 157 #21¥) Courant-Friedreichs -Lewy (CFL) F8 7€ 4%
SN o TR

NIZAREARV AR IENS
2 2 2
M A A A ) ()

(4.10)

X H,, H,MHZHHAN G, ¢ e KM, A, Ay Az 27558 =4 a
fEx, y Mz =T B,
h530 (4.5 F (4.10) , —4E N RIFRE 4F CFL vl LUS et F

|Vp|§¢| o |p|§y¢|—mm\ sl 2le
+ + -+ > (4.11)
Ax Ay (Ax)"  (Ay)

AN, = b %N—-%

x v Gyl 2 ALk ) N AR x Ry J7 e By, H
Vol Vol

NI+N; =1,
BT R
VN, -
ar-max| LN Ve BN Vel 212] 216110 g per. @)
Nf Ay (M)(M)

SRR PR A BT TR 0.5 Bl — 0.5, V) = @ / AR,y (x, ) > +0 B —o0
X max (+) = o0 o P HALEREEOEL T%, HAr— 00, K (4.12) &75[ CFL

FAEA AR . AL BN IER, #AE R EN CFL %&ff. X
P, X4 ABERE B DRIE IR — ISR 1 45

(2) Sk

A /N1 AR T A CLEUE I T EEVE R p e e P ) R, i FLAR R 2 A
HH X3R5 Lo BRI, 6 DRI 4R 8 24

V;;new(xay):a)R'(1_2u(x7y))5 a)R ER+' (413)
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Wl (4.13) FSE b Bk, MWReEt rmHEE, X (4.13) kR T K0
Wi, HTV, (ny)=ap -(=2u(x,y)), WV e[-o, 0] 2RI ZER, (613
R € 4T CFL W] DL I B I )0 KA 2L . 58—, fESbL e, X v ()
FFg e T b ) g 1 (T skib 2 0edi) » HLAHEAE — e R bk T ih gk st
PRI, JERL N o, AT DASSHIBEL RS . S5 SRS R T ek i v T BRI R e
PEREL, HRefE 3 B T
4.4 HERI

4.3 TR IA I ok Sk AT DUR 2 S MU AP AR T 1L SE T, 4.4.1 R 4.4.2 /N5 43 7 AN
22 T R () 2 P50 A 7 T A T s
4.4.1 Z[EIHEL

(1) XIkd:

T X BRI R XI5, T2 X, Cupwind differencing) A% 24T B HORTE LT -

Ve (X, ¥) = max(V" (x, »),0)V" (x, y) + min(V;*" (x, y),0)V " (x, ) (4.14)

X B VI (x,y) = @ -(1-2u(x, y)) »

V" (6, ) = max(D ™ (x, »),0)* + min(D™ (x, ),0)* + max(D~" (x,),0* + min(D™ (x,),0)* |
V- (x,) = max(D™ (x, ),0)* + min(D ™" (x,),0)° + max(D" (x,7),0)* + min(D" (x,»),0)* | ~
(4.15)
D (x,y),D™(x,y)and D" (x,y), D" (x,y) 0 Ale AR EL ¢ RIRIFE x Rl y
S 1) (R o) R ) 22 53

D—x(x’y) — ¢(X,J/) _Ai(x_l,y) , D+x(x’y) _ ¢(X+I,J}A)x—¢(x’y) .

D7 (x,y)= P(x,y) _A¢(x’y_1) ’ D+y(x,y) _ ¢(X,y+lA)—¢(x,y) '
34

(2) BHEET, L5 DXBRIRSAL,
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Vgrad (x’ y) = Vgradx (X, y) + Vgrady(x’ y)
=[ max(Z,(x,).0)D" (x,y) + min(Z,(x,),00)D"*(x, )] , (4.16)
+ [max(]y (x,),0)D~"(x, y) +min(/  (x, y),0) D™ (x, y)}
KT (x,0)=V (@ V(G,*D),1,(x,y)=V (@,V(G, * 1)) & I EGHE A5
4%\’ a)e %E%ﬁi&o
it 2% 251
(3) AR IR R PUP I, 75 B R v 22 oy KL
Ve (%, 3) = 8k" (x, V(D™ (x, )" + (D™ (x, )17, (4.17)
Wb, K (n,y) = (624, —0.0,0,, + 8,0 (8] +¢,)" P EIHIH, D™ (x,») F1D™ (x, )
S B UERRE (R x ANy [ 220y, HIKFEE R g Ko -

D™(x,y) = Pty ;Z(x_l’y ), DY (x,y) = ¢(xay+1;;y¢(x,y—l) '

4.4.2 BTEESEL
Shu #1 Osher Y84 7 A8 2208/ (Total Variations Decreasing, TVD) Runge-Kutta
(RK) ¥, SRy HLZE T 00 I 1A) B H R AR S o 832507 V2R 0 2 1) g R I )
B S HO7 U T3 B, B AV S 23 77 R R I TR) S AR 1oy T RER AL B
HVFZ 1) Runge-Kutta 7755, HEFT [a) BB H G0 A= A 25 4297, X2 TVD RK 77
ZEREME DRUEAE Ay v B A P58 IS 1R B K 45 AN 7 AR T AR
(1) —BrUERIE R TVD RK 7 S50 AT 1 RCR 51
(2) B UERRE M TVD RK 715 SARuE R B RK 752 2 (1
T A I N g
¢ +V-Vg=0 (4.18)

D, BT R IR D R,

n+l _ 4n -
¢ At"’ +V" Vg =0 (4.19)

F0, BT R R IR P R,

n+2 n+l
¢ < ¢ + V}H—l 'v¢n+l =0 (420)
t
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B, ROHTIME
n+1_l n l n+2
) —2¢ +2¢ (4.21)

WG PFAIRAS T ¢ 8 " + At IS Z0 I B vERG L TVD 1@ 3T .
(3) =MvERER) TVD RK TEWF:
2, KA+ Ar B2 i

n+l _ gn _
¢ v A V¢"=0 (4.22)

B0, KA+ 2A WA,

n+2 +1 -
¢ At¢ +V"VeTt =0 (4.23)

F=ob, SRANIMBCFEE, 58] +%At I 2 FF) it

1

1
n+— 3
2 = ”+_ n+2 4.24
¢ 4¢ 4¢ (4.24)
" o 3 ‘
I, Kige +5Atﬂﬁﬂﬁﬁﬁ$
¢+§_¢+§ el ael
— +V 2.Vg 2=0 (4.25)

e, SRIBEFE, 3RAG " + Ar N2 i

3
n+=
2

n+1_l n g
¢ —3¢ +3¢ (4.26)

LRy 7 ¢ + A I 20 = B vt e (s e

4.5 SRIGHER

AN SRR IS R SO SR, i FR AT T1-,T2-A1 PD-JIA MRI E1R,
Oy A RN T e SR T U

g LU IR, O SR RENS B 3G N A S e BEAL R T T, BT i 2k RENE A P
Jita b, D) DORH 2 Fr s (R0 aae 5 e Mg aa A6y sUnT LUIAR S IR e

-52-



SRR, AR s S Wa A i S et . 7ok, viaathith g O 16x 16 |7
BT, A AR XN . T OT SR L, SR RE SR X R 2 A1 46
7=

4.5.1 TI-hn#E& 4 E)3K58

B E B TR ES . 5N Brainweb U2 s T &, 1%k uk [ H 4 7 15145
RS HLA U, R] LR b < b onf 20 80 45 RBEAT VPl o 07 S0 EIMGSl ) JRT 256 %256
B&, FIHNSPER 1 mm, YIAEE 1 mm. MWARRIMEIEE S 15 M)A, £EB
AEMH e Ry 7 (0 R ARG AL P, R ET )k 181217 155 K.

U SN E: 0, =05, £=0.025, At=0.1, w, =7

JFUHSVES RO E: 0, =05, £=0.025, At=0.1, ©,=05,1=1

FCM BB iXE: C=4, 7370 . WM, GM, CSF Al 5t

BRI AE: CSF ¥l Fro NMEE /N T-107

GM Ml WM 43El: Fror NMEE 1N T-107
BRI EGE S 500 &

Kl 4.1 Bor TG ET IR EUR R RIE R . Bl 4.1, feEH R AL E 1)
BEUG AT A b ok . SfRckul, B 4.1(e) P IR E T (RGAC) 14 #14h
RAWE 4.1(h) St HE (RGAC_ M) W73 RIZR . 7E 410, FETRER [ 7= A7 B ) CSF
PRI GM AZd, ek A UL EIEIRALE, T R e N R A .
PSR 3 T 45 R 4. 1) T RN 23 73 BI85 A T 4.1(0): 4.1(g) P Wb s 2L (1)
CSF #2 LW IR A0 5245 53] CSF I, AR B F 2 AN 18 4.1G) 1, sud &k
HER I Bt T CSF. ARWI S, oot BEsRAT T LR AR SE i i o 345 R . @ Mo i
(R4 RAESR 4.1 BRIt HRFr P15 3] 7 5.

N T E BN 7 RIVERE, ASORHI =AML MIUEERAR o, BREHPEE OB
PR, CHARE SCHLSCHER[98D SRV 7 #1485 R . 200 15 IR R ) se g, R ik
5 MEATEI R, o 2 MRS AE 3] GM HEZA R, 3 TRAE 4> %] CSF IR, i ikidt
LA RN ENZ S IEEE . 3R 4.0 45 TIX 10 I8 EHE 15> 31 25 R G ek
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K 4.1 TI-DRUEHGR #1428 (a) JstdalER: ebrdE (b)) WM,

(b)

(h)

(c) GM F1 (d) CSF; JRufsk

HrrEIgs R (e) WM, (f) GM Hi(g) CSF: duitfikmir#lgi k() WM, (1) GM Al (j) CSF.
Fig 4.1 Segmentation results of T1-weighted image: (a) original image; discrete anatomical models of (b)
WM, (c) GM, and (d) CSF; segmentation results of primary algorithm (¢) WM, (f) GM and (g) CSF;
segmentation results of the improved algorithm (h) WM, (i) GM and (j) CSF.

7 4.1 RGAC Fl RGAC M SyEERR IR B G o g R gk fe b (%)
Tab. 4.1 Statistical indexes (%) on ten images segmented by RGAC algorithm and RGAC M algorithm

Method Tissue P T T4 iterations
CSF 60.04 59.80 30.89 85.5
. . GM 85.33 18.68 11.47 160.4
Suri algorithm
WM 86.35 24.24 5.46 188.1
average 77.24 34.24 15.94 144.7
CSF 84.88 24.74 7.76 9.8
GM 91.23 14.54 3.83 22.0
Our method
WM 94.53 9.29 2.00 14.1
average 90.21 16.19 4.53 15.3
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MK 4.1 ATLUE H, SO SRk e e bs W] WAL T IR AR 5k . eSedE Sk i~ P 34 B
PER R IPE R A T IR G0 F R T 42.78% F1 28.42% , 1M V-S4 AL Fe AR )
fem T 16.79%. KFibgiit 7 =AHGRIRERRE . S L = AR ik
RIRBON IR LI 144.7 R FER 15.3, R B H I S50d B B B P

4.5.2 PD-FA T2-HnH Bl 1% 4 £ 5256

AN F Bk 553 ) PD-I0ACHT T2- 04X MRI E14%, T2-In# PD- It Bl & 5 T1-
I BMGAE IR FE o3 A« A0S EEBE RG] . $E 4 BrainWeb!*!
PIuh N BRG] 181x217x 181 183, VI JEJE Imm, PN 73 #F% lmm.

SHNE A 451 15,

SRR T T PIAS A P A — 2 AR 2 bk AR 2

A% 1: X} T CSF A1 GM #ior MEE /1107,

X WM B MG LGN 1107
A 20 IEARIREGEL 500 X

4.2 3 PD-JAY MRI BRI 45 58, B 4.3 4 T2-IA MRI EI& I H1 45
Bo BB oy F 45 B HE ER SN AE JEUA BUE b 3R 4.2 PN SEEG 2> R 45 R T 4ahs
VAL S5 R B R, PIANSEIG S E 4 R T . AR e bR 4@ st T
90%. XFFEAS PD IIACE 4L F- AL EE TR bR . WM 2 84.70%, GM A 90.06% LA
M CSF 4 81.54% -

Kl 4.2 PD- IR K70 F 45 R«
() PD-IIALEI G, SOl 5Tk 090 B 45 5 (b) WM Ail(c) GM, - (d)72 EhndfE.
Fig. 4.2 Segmentation results of PD-weighted image:
(a) Original image; segmentation results of our method (b) WM and (¢) GM; (d) ground truth.
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(d)

K 4.3 T2- AU 7 B 45 2R -
(a) T2-IABLEE, S 72 #1145 R (b)) WM Hl(c) GM,  (d)<ehniE
Fig. 4.3 Segmentation results of T2-weighted image:

(a) Original image; segmentation results of our method (b) WM and (¢) GM; (d) ground truth.

®42 42 MK 43 PSRRI (%)
Tab. 4.2 Statistical indexes (%) of the segmentation results in Fig. 4.2 and Fig. 4.3

GM WM
P Tty fn P fp Tfn
Fig. 4.2 94.02 7.18 491 97.17 3.27 2.41
Fig. 4.3 91.54 4.00 12.23 97.36 4.97 0.43

AT VSR S0 31 45 R0, Sl L AR AN R 2 B0 B X 2008 B 13
AT T rBISes . Elaarh 4y i T 8IS RO GE T Fiabr o 9250 bR S A B R bRt 24K
&, @, Ml @, 1@ KA (R TG RBEAT VP . GETH IR IR AT LU, WM A
GMIKI 7 FIX S K e M o, MUK, PERETEAR 2 AR FFANAE s CSFITERE I £ 2o iy
TRPRXEES R SE U, (HR XM . BARTTS, S S e, 0, Mo,
AR AR, BAT L R
4.5.3 EX MRI B#% 9 EIL%

TEA/NTY,  HIELSE Y MRI B GORIINRA SO H R S . B4 I IBSRIT R
8B HdndE IBSR_18 JUst 256x256x 128 (235, iz, [FI4H T F TorHII 4,
R AT LU bm e T 8 S (SR AT RERE VT AL

SHBLE

FCM Pire: C=3

KB 0, =7,0,=0.5, £€=0.025, At=0.1
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Fig. 4.4 Total performance vs. parameters (£, ®,and®, )
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IERE L GML WM K MEE /N T 107, By
FALIEARIR A L 500 X

K 4. 5 izl de o8 93 U1 I B GR SSedk B0 1) 40 1 45 SR DL R PC AR RSNy 4y
. N PC BRI R 45 R IE 4.5 (b)KE, EIh A F1 B PR B GM & iz 7
I WM A SCHR I S g ki o 45 K 4.5 (D, NS o r #IEAf . 18] 4.5
HR I I GE e bnde R 4.3 Rl LB B, ZE G i Wang 25 APSRAL, Al 3R 43 1)
G A RAC X SR ] 10 RIS 3 A i

M 4.3 ITLLEH, ASCHEH M EE I A FUR B BAAPEFR R I 95%, SRR
Gyl 7. 65%H1 8. 45%, HJIEimis T PC ALY M PEREFR bR ATURI BT IR SAR R 2E 53
12. 92%F1 19. 80%, 4T+ MECM Sk 70 8 5 . TR B s AR 22 533y 15. 92%
F11.79%

) ©
K 4.5 705 MRIFEHRI070 8 (a) AT (& A MBI L IZE (PC HDR) | (b) PC RIS B4 R
(1=0.00255-255); (c) FTABEER: (@) FUAEGAIIELINL: &SI B

g (e) WM Al (f) GM.
Fig 4.5 Real MR image segmentation: (a) original image and initial curves of the PC model, (b)

segmentation result of the PC model (= 0.00255-255%); (c) the manual segmentation result; (d)

original image and initial curves of our method and segmentation results (¢) WM and (f) GM.
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R 4.3 K45 R PIR RIS RS HERR (%)
Tab. 4.3 Performance indexes (%) for different methods applied to the real MR image in Fig. 4.5

GM WM
P T'tp T'tn P T'tp T'tn
PC model 93.09 0.00 12.92 90.99 19.80 0.00
MFCM ¥ 91.58 2.48 13.44 94.22 7.92 3.87
Our method 96.03 0.23 7.42 95.92 7.78 0.67

LIS AAT T %), EIFEbR ALK 4. 4. BRI 1)~ AR LR R bn
5374 82. 91 1 89.90%, PLT- MFCM [0 W 73 #lH5 45 75. 98% A 81.90% (I [98] 1 [&]
11 R EfiRE) o % 4. 4 iR BoR T HA 4 MRS B4 B S48 hr . 5 A A
WUBEFRRR AT 70% BRI EEA A H B4 10 RP g R br s A SO
S RAF I EIERE . O T B R I 5, AR A TR BrainSuite U206 4y
BT T =Y. K 4.6 o TEdEAE IBSR 14 5 HI45 RIK 3D St 4 R .

% 4.4 IBSR B0 RIS 1P IR BUZ SR AR (%)

Tab. 4.4 Average similarity indexes (%) of segmentation experiments on IBSR data volumes

IBSR No. 14 15 16 17 18
GM 87.24 87.36 88.97 85.83 89.90
WM 81.81 80.62 80.50 78.54 82.91

4.6 HEAE IBSR 14 A HE g 45 3

Fig. 4.6 Reconstruction results for white matter of IBSR 14 data volume
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4.7 HS MRI B (IBSR_18, 5 20 Y1) 72 #I402R: (a) JsnlEMR, (b) @heifE; ASCHZED
#GE R () Kt (d) ARG (e) PCAIALHILIR, () PC LAY [ BEH pa Bl sluth 2

Fig.4.7 Real MR image segmentation (20" slice): (a) original image, (b) ground truth, segmentation results
of our method (c) gray matter and (d) white matter, (¢) segmentation result of the PC model,

(f) convergence curve of PC model’s energy-function
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Fig. 4.8 Real MR image segmentation (90" slice): (a) original image, (b) ground truth, segmentation results
of our method (¢) gray matter and (d) white matter, (¢) segmentation result of the PC model,

(f) convergence curve of PC model’s energy-function.
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Fig. 4.9 Real MR image segmentation (100™ slice): (a) original image, (b) ground truth, segmentation
results of our method (c¢) gray matter and (d) white matter, (e) segmentation result of the PC model,

(f) convergence curve of PC model’s energy-function.
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R 4.5 H% MRI G RIgiHabs (K 4. 7-16 4. 9)
Tab. 4.5 Statistical indexes of the segmentation experiments on real MRI images

GM WM iteration elapse

. . r r r, re .
slice index © B fn P » 7 number | time (s)

20 0.9007 | 0.0090 | 0.1733 0.7953 | 0.4997 | 0.0101 & 1078 | 214.50
PC model 90 0.9180 = 0.0232 | 0.1320 0.9011 | 0.2093 | 0.0083 | 1524 | 311.47
100 0.9548 = 0.0002 = 0.0864 0.9178 | 0.1787 | 0.0003 | 1867 | 378.47
20 0.9502 | 0.0077 | 0.0879 0.8933 | 0.2005 | 0.0309 26 15.53
our method 90 0.9489 | 0.0270 @ 0.0729 0.9476 | 0.0849 = 0.0231 22 10.38
100 0.9748 | 0.0055 | 0.0439 0.9601 | 0.0576 | 0.0236 23 11.90

h T B0 AR R ) SO ST VAL, SO S AN PC OB IS HE B
5520, 90 A1 100 VI HEAT 70, I R LK 4.7- 4.9, EITEZH T PC B EE
RS2, BV ERe R R BUE AN T 107 I Rk RE . K 4.5 A s
G450, Gl fabni B T AN SE AR S LA K oy BIFEZR 1Y) CPU W], M
FHEERERGE (r, +r, ) WTLUVE I, ASCER I SO FE B4R BB T PC 53%, [
I, it VA TR B D IR AR IR B DL A BRI/ 1) CPU I ) (FE TRl — & L EdEAT 58
%y, ¥REE Matlab6.5, T9300 CPU 1 2G RAM).

4.6 EHBENIESHTIRE

4.6.1 EiER

O S 5 R0 BUSE AL, BRI T —AMERZh (R B0 TR &
LAY AL AR B T 2 A PR TP (045 B ZEACTTSR, BRI T AN ELE R K P4
W BEEEAR T T BOWI S SR T B8 MORAC RS T 2 MO TR b {0 3. 2 LT
SH AL b (5 TR TG AR E ATG. B0 b, % TR AT, AL T
(RBIE T, A TR 1, AR, AE B, [RGB B T 55 KA
%, Wb, ARTTZESSRRRT A, U0 TG RGNS, Mert, JREE R4 )
AL % R S B2 (R B, ALY 116 T IR AS AR A o BRI, 2 11T
ENSI A2 FUE IR, W2k IR R 2 1k, M A i 7, TR . 55 4h,
25 I JL RT3 S0 BRSSO BB L, B A B e 75 L e Uk

ERT AN, I T RO S5 TR R, (x,9) = 0 -(1-2u(x,)) » 15
TSR LT 275 R BV T 4 T4 105 e 2R, 4 LT B fi0
PS5, AR I S B b 0 . 95 2 AT 2t
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fu,)=w, sign(1-2u,),n=12,---,C, (4.27)

Horrsign() AT T REL @, 2 PR E H AL
DRIy ek 1) ) LA 3 sl e A 2 BAT 1 B

& fw)1-2K) V1, (428)

FYE f(u) R e 1T ey, L wlaatb th&e o in 2 anfy, feitte
Uik s WD W = By AR G Ya o s T I P 1 1 7/ 8= WS I = B i A ) (G SN = G R
4.6.2 SRIGZ

AN R I T B S I B AT VEA

SEEGHCRH 2P W e T R, OIS E, B S F s, (R
W BEME W S LS R R iR e/

B 4.10 G RIS R B AT N ER A BUGEE, « WM, GM M CSF “&brif”
FHOATN AR FIGEGRES IRt g, ASCEVE RIS WM, GM 1 CSF.
Fig. 4.10 Experiment results on simulated MR image.
Top row: original image and the ground truth of the three tissues: WM, GM and CSF;
Bottom row: initialization and segmentation results WM, GM and CSF of the proposed method.
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SRR A BL MRI B, B 4.10 24 BIERACHEERIE M 3l K. 5Shrifi 4
LeAR, B 4.8 g ARG Fag S N, JUHZ KB o R 45 B, i = 1 o5
BT ENEW, SedE. R 4.6 ANEIGRNG IR, B0 £ bREZE), %
WA ZRATS . NRDP IR TLUE R, 58I R B R e PSR T e br 7
AIEE] T 96.42%, 96.96 F1 97.00%. AR o> BIFabrdofs, BT RBUETRRIL,
B INFRHEZE o B0 A 2RI DA KA 33 DX I ) TR AR R /N Rk B2 BRI

SR IE AT FCM SRR SO H (7 O Y Sk AT T L. SEBR A T 10 TR EHE,
IR T 1% 3%~ 5%~ T%H1 9% ia e 75 o 6 o3 45 B e o FIRE T 40t
411 WoR T FCM LA SCHE H B SR S0 Thi o B e bn B A 7P AR A i 2 . A
Bl b i 22 26 nl DUE H, ZAKCPEE A BB D 22 I NI, R S P v I 2k R4 T
ERS LR

#* 4.6 B 4. 10 RIS KSR (o)

Tab. 4.6 Statistical indexes (%) of segmentation results of ten MRI images

Indexes WM GM CSF AVG.
Sensitivity (%) 98.10£1.47  96.70+1.30  94.48+2.12 96.42
Specificity (%) 97.20£0.20  95.79+0.52  97.91+0.18 96.96

Total performance (%) 97.40£0.28  95.97£0.64  97.66+0.27 97.00

0.08

—— FCM+LS ins
po7sH — - FCMins / 4

007 | /S
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D035} e .

InCorrect Segmentaion(%)
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0

noise (%)

B 4. 11 ARSCER S FOM SR 2 ) i 26
Fig.4.11 Comparison between the proposed method (m) and FCM method (m)
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4.12 M MRIEUR (S%m T nrEmE ) (4
NEEZA: Rk, A FIEIR, FCM 73 RIE5 50
Fig. 4.12 White matter segmentation from noisy MRI image (5% Gaussian noise level)
(Original image, result of our method, and FCM method)

K 412 H R TASCEEA FCM SR 5% e i 00 I e B B4 2R
FCM 53573 51 5 3 n] AW 2 21070 ) H AR L A& (07 A5 3 2 B <P R, A
SCHR ISR A RN TC WY S B B, 20 RIS RV e, R R4 - Ik Be -
SR W] FCM MUKP-ER.45 6 (1 SR BE U A7 ROt vy 3 B ME R L ANE 75 TP g

] 4.13 AR LS T1-IA MRI 553 #1451
CNZEEA: JUR G, B R B 45258
Fig. 4.13 Segmentation results of real T1-W MR image
(From left to right: original image, WM, and GM)

Bl 4.13 th oAy N /KPR SN IR LS MRI UG HEAT 401, 3RAS1K i 3 50RT 2K
JRI S EIE R B BIE R R, AR G A AN i == PR 58 R 20 e, Ao 14k
FEERSEHE. ML, R 0 EIAURAS BIBUN T K A
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4.7 REBEMS % VAL

4.7.1 HEIERIREHEE

KPR T R SR AR A - sk 23 T RN, 75 B A B AR e P ) . SE
P4 7] #J& FH Courant-Friedrichs-Lewy (CFL) 5 K ARIENT . CFL &A1& T —/ M H) 20
KB ERR . P, 4 TE2P K Ar ~ (Ax) ASBERS DRUEASE IS5, AT LU In—> 5™ b5
(1) CFL 544 At ~ (Ax)* R SEPRBE AR E o Fo e Pt v LI Ik A (7] B 1) 125 5O SRS,
U= B AER 1Y Runge-Kutta 35 o £EXUH 7 2 A in N TR PEN S 2 sSe s e 10— AN 70
7% Balliard ZESHR T — AN SRS K A%, R B AT E AT
s Hh bt R AT BB . MU )T A Zeng S NP TAE P tB AT LLE 2.

7 4.5 15 T1- AU 5 MRT EHESEEG 7, Surd (EEA 5 8 BRI 551 52560 R
o 2 RS AE 3 BN ATTIST RIS, = 7 5 73 S S R IBCERT o i ek SRV 2Eo0t 1 T i ]
B . 4.3 RRERE IR, Surl RSEAFLEIRAE AR E PE )
U R BR B 40 I T 5T ORI, IR H BRI C S5 /IME, A g2 CFL 4%
PErh 3 U R A R, SR, B R BUASIE 55 /MG B E S e
. AREAR, Suri FIETVEASGE ] . ol ok 8 4 i 0] 2P A ) 7 VSR RS« A S
H RAE SRR R 1B B XS0, S B 1 B, DRI A3 S R AR P e g 43 LR
UE o AR PR DX I3 40 0] 1 A 45 et S RS SR FEE P o S5 285 SR B IE 1 S0k A2 5 B
M AR, 2RI,

4.7.2 EMDESKERES

IR, VI 22 SCHRAE 8 SUIE 45 R IS 188 T4 57 1 88 2 ) S50 R A o 007 7
EIRER 3 BIFETE LG, By B 5 18 TAE— ME R T B A E 2 DN AL I vl g
PRI 17T 4% LA 20810 7 V2O B B 22 L af M A5 S o EMECR B LR B B R n] e 4
FINNRZE, AR FITTET, X NRZEAON 2 BI85 B A5 5w i A 435
SRR, /INIRAR 22 T g 58 AU A 4 B 5 OO RSB, B 4 B D S
(R AT BOS MG HEAT RO 3 4, SRA RSO 51 J 52 R B8 DA — i B K K P 440 1 1
LI o AEAKCPE S BB B, T ROMIE JE I DI B8 76 AN 7 In) bR il th e i 12k 4k
IRV A 75 ) 45 SR 5 ka7

4.3 AR, S EHESL R PC BRSO Sy B g EAT T LA . PC R I8 4
DX A TR 4 R o AR T B B KR T A — 8 3 R rhodf A B3 2, i 4 2393
#lo MRI BIBRAEKAE S R g N S R ERAN Y A), 1S BRI s Rk, i flir
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PC BRI 4845 FOB Ak . AR I 2 G218 I WSO8 B A A I 2 ) . T AR 3C
MEER X IR G E B A E—i, BiENF 2. SCaq Rne &R NA
SCHRH IR B AT B A () 2RI Pk g
4.7.3 ZMTHEK

7E Suri $& H I FE T, YR BRATBCE AT 705 H AR NS, A5 1 B (1) 78y N iz
TP D5 (Fast Marching Method, FMMD) . 22k HBELE—/N 5 M 3EALEY, WILG
ot f Ja o 0 a5 RAR R 2L, W SRR BT O 45 M i 5B 50 s ERIRCE (1)
JBUCE AT AR FE R 2 T EEHER W) aa 7 B0 . R HT, O BN SEAL E 2 (AR AT,
i AL 2k RE R e A 7 ke, ik, BTSN R R T SRy &
USSISS] ) ORSCR A T B IEN X SRI,  hk m] DAAE AN 7 T A K

TiAk, S HAR N IRAE N AR IR, A ACFEEA GRS A H bR 7R F
TSULT, B2 WIAA T 2o WA TR I 1) 43 At S s g 21901 AR S th e
T Z2Ha e XMW T A TR LA R S5 A B e RS R . 2R IS
AR DA S W AR A7 B I U PS5/, T HAR AT SR S ST B ik, [RJ
BE % 38t S SIS B Sl e /N2

4.8 KREING

ATEE SR T MRU EG A  BUMHZARDETR, etk T I LA i
SFEEREA K SO S . T UG SR IRE TR M, SR T ASBr R Xkt B8
IREIR T IR AR SR IR E PR R, BRI T 0 B AE R L S R UKL o OB SR T U
T1-JABL T2-IIACH PD-JIA MRI G 73 B s ABCRTIEREE NN . L s
BALL K PC BERIATEL,  SILH 0 RIVERIE R RS my o SR 2 B w0an s sk T
NI o /PO ) 1 /A RPN 6/ 6 T W N PR L B S AR D i S E R RN
(] MRI BERERREAT T 0P, € S 4 R W ek (AT 8 Al Ak RIS
VR0 EE AR R W SR BAT R 0 BUPERE

AR AR T A BIE NI I . SRR TR A P R A
WD AR 7S 7, AR 1 2 0 LA sh A A A v (g LT OB R 452 1 T RT L 3
M7 2 A EAE DT 18D, R T 28 S AT 2l 8 B AR R G000 TR b JEE A L L R
e BORIZARMESE SR VRS & B BN, S BIHAAR L, R OR B R P 2 A5
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5.3 Chan-Vese &%
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Fig. 5.1 Chan-Vese model and Regions partitioned by SDF

F(p,c,c;) =v | H(@(x, y))dxdy+p[ |VH(@(x, )| dxdy
4 [ (L6, ) =) H($(x, y))dxdy (5:4)
+ 25 [ Ly (x, )= ¢, (1= H(g(x, y))dxdy
1) H & Heaviside B %, e Xh:

1 ifz>0

H(z):{o o (5.5)

H 742 Dirac IE, H 6(x)Fow.
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2 2
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2 2
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(5.7)
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5.4 Chan-Vese % fH{&E!
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Mumford-Shah ji) @ [F fRIALASERY,  nf LE R e /N THI 0 BE 5 2R BCR 35

<ﬂW¢D=ﬂngMD+ZLEU&J%qfﬁ@ (5.8)
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Hof, o REEG 1 OPRBKE Q MMM, o=UoUr.
X (5.8) T HAAPEREL d(x,y,0) FIFEKTVEERER. Ym=2, BNHHA
KFAEERS ¢ F1 g, B, SR n=4 XK A KEME 5.2 Fox.
DU 322 0 R M F
F (.6,,0) = | (I, =,V H(@)H (4,)dxdy
+[ (=, H($)(1— H(4,))dxdy
+[ Uy =) (1= H(§) H(4,)dxdy (5.9)
] Uy =) (1= H(@)(1 - H(p))dxdy
+uf | VH(¢) dxdy+ [ _|VH(8,)ldxdy,

X e =(c1,¢19,Co15Cop) FENHBR G, I3 HIARTR 4 A IR A BET- M

#l<0
@2 <0

5.2 2 MKPEERR B R 4 A X

Fig.5.2 Partitioning of the image into four phases using two level set function

éﬁ%%ﬂﬁﬁ%/ﬁ: ¢1(x’y>t = 0) = ¢1,0(x’y) ﬂzﬂ ¢2(x>y>t = 0) = ¢2,0(x,y) ’ :Et (59) ﬁj\%UXj‘ ¢1
g, RAg B H ME, FG2IRT ¢ M @, BRIk B H 7R T
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V.|
sl (IW%J
[ (=) =y =)V H($) + (U, —cp) =Ty =) YI=H () |

v,
v. 2%
% _ s p))” (IW&IJ

ot )
[y =) = Uy =) VH ) + (L, =) =Ly =) Y- H(#)) ]
(5.10)
¢, =mean(l,) in {(x,y) 19 (x,)>0,0,(x, ) > 0}
ClO = mean([o) ll’l {(X,y) : ¢1(x7y) > 07¢2(x’y) < 0}
ey =mean(L,) in {(x,): ¢,(x,») < 0,4, (x, ) > 0}
Cop = mean(l,) in {(x,y) 14(x,¥) <0,4,(x,y) < O} ) (5.11)
AT LU F 34 Bk
LG DG DH @, () ddy
b [ H@ ) H (@ (x, ) dxdy
S o H @ e NI = H Gy )y
P | H@GG )= H (g, (x, y))dxdy
o)A H G I H (s )y
Y| A=H@ ) H (8, (x, y)dxdy
[ oo, ) (1= H (g, (x, )1~ H($, (x, y))dxdy
¢y = (5.12)

IQ (1= H (g (x, y))(A = H(9,(x, y)))dxdy

TR IERIE € = (01,005 10 Co0) » KIRK T ¢ AT @, BRI TTRE, W LIAG 2IEEAL
HHEe D AT, o fERER AL (5.9) /I, HELEhZes s (b AE =R PN B brid 2, ek

53
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A (5.10) W], Chan-Vese ZHISLILHIN T — & MR PR TR R4
7 KT 7 AP ST ST U, 5o (0 3055 2 28 43 Oy SR
P ZE 43 VRS R I 250K R, ZE P BT Buler I 1) 236 BN, 25 SR B R ) 25 K
At =O0(AY) BRI B LY, R RZERR (5.10) BHEIKEE
%, Wt . ISR O I K R 2R, T IO A S DL A SR R
BEIG. TG, Smereka HEU T ARSI s A A S M 25 A%,
EYEPE e S 7t i

5.5 ZEHNENEZX
FEATLI 2. 3. 3 /N5 D20t FOM SERHT 74 HAEh THEOR I T7E, AN
H LRI FCM 832, SRIG A 4H 2R B, IR T 32 280 .
5.5.1 FCM &%
FCM REHDIEH Bezdek 25U VR REAME 1 HI Y, B K- %I SO AR
A, MBI . FCM 20 I8l ad nE LUT () H Bk R £ s /M S o
J=2 3 [w@n] 16 -m 1P, (5.13)

7 (iea
EH, Q ZETEME IR, u, (x,y) €[0,1] RALE R (x, y) FRFEAN TR
(OB R A, MR AR D (e p) =15 b > LRBORFE R, PR 25 b i
RRRIL o 1, (x, ) RRARER (o, ) RPEAE ;s m I j BRI Ly C 2 AR
INEL el E R, — BRI MR B
Sy ISR FRR R E T, RIS m, RV SR B w, S MU, A3 8IBL 5K

> [u,e0] L)
m, = LN (5.14)

Y [wen]

(x,y)eQ

1/(b-1)
(171144 x, ) =m, )

> (111, y)=m, P

k=1

u;(x,y)= (5.15)

)1/(1;71)

A j=1,2,-,C.
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5.5.2 &%
AN ¥ FCM HF Chan-Vese BRI SCRGE K, SR )G HES B &2,
EFCM ALY, B C=2, b=2, WIS M B, B FE2 0 my Flm,
O, MRIERX (5.15) A LA SRR I JE i ok 2L

(/1145 )=, IF)
V2, p) =y P )+ (111 1 (e, ) =my |F)

u(x,y)= (

(171114 (e, ) =m, I
VAL, Ge, ) =y (P )+ (111 1o (e, ) =my P )

75 RE AR S s [ R BB 2 22

uz(xvy):(

1 2,(x, ) —m, |I
||Io(x,y)—m1 ”2 +||10(x,y)—m2 ”2

u (x,y) —u,(x,y) =

_ ||]0(x,y)—ml||2
11, y) =, I+ 1 1%, ) —m, I
é\
1
SRy N s T T
L

u, (X, )=ty (x, ) == N L, (x, )=, [P +4, 1 L, (x, ) —m, I, (x,1)eQ.  (5.16)
¥ (5.16) AK(5.7) » FFRAM A, 13

@@iﬁéwmw{m{
dt

Vé(x,y)
|V(x,y)]

KT TR S TP NI E RGP RIER, B ZIUMA IR 0,, 158 2KH
A

j+(u1 (X, y) —uy (x, y))} - (5.17)

o _ .

V¢

WJ+G)R'(”1_M2):|’ oz €R". (5.18)

G, Ly Mlu, 73 HFRTRAF 73 H H AT 5, FE AT LU Seb 70 B A5 20
FIH bR, HIA AT S B AT R o
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5.5.3 ZEEZL

EZRr R, =K S, KRG o B8 H AR ISR 52 A28
X2 2], I ELVCRI ] 50 7 Sl A3 AP SR H . BN H — AN s
IR VEER IR SR, FEGIANZANIKVAE TG, BE 200K 12 X 352 18] (1) 55 8 R0 2 Y] ) i@
FERL IR I 2T A B I 2 SR, SR RH L A Bt R E S A s [ B, BTN R L
T LR YR )T % . Zhao (R TAEM I, SEk b M W] H 1 A 78 Re sk o i n 7 Ak
HEAR CJSQ(ZJC,ZIH(@)—I)deo LI J5 22 4E Samson 25 () TAEP I i v LB 3], 4R
M, ZRMSAE AL ) AR A 2 52 2% . Paragios Al Deriche $2H T — M &,
NTHEI Y HG,8,(5)| V()| MILHIMBE g 5INPT, %05

FAFAEI 0] 82 B N 24 B IRk FE IR 8, [5E 1K B AR PR UEAE 5 BRI 2 3 25 RANE
B8 NIRRT % HVese M1 Chan M2 (. MR Z A F, n MK
SPARRT AR IR 2" X X EARR S R T AE S AR KA, ANTREM AN LR
J1o AR, HXIECHAE 2 PIRIRES, tean 3, HILARX S (empty regions).
HI, EEVESEAEARTTER 5845 . Brox Ml Weickert £EIL TAEPMIg I AT [X 45
TEAIONE R, SR o B AN AT I L. AR AR U T i Mansouri POV ACRA
T2 IR S TR G INAS 2 7H AR B RSO0 vk T B AP 1 e, SRR T T
B, 285 S, RENEACFIAT A D 804380 e 0, A SR It SRR 20 e g S itk
R FH ALK 7 Z2 0 it e o 28 A ] i)
KX (5.18) FoR ) R RIEEHE B Z K HARI 0%, FOERBALT

6¢f—5 Y% Ve, RY, j=1,2,---,C 5.19
o (P)| 1V Vo, +@p(u, —max,, ()|, o,eR", j=12,--,C. (5.19)

R (519> o, A o S SRR 2 S T, e P A R P
ARG T — MBI R T TR, VSRR (%, R T — A
JUREAHS ERRHEAT ML 55— T (u, —max,, (1)) BIN T KR AL, K% HEB L
LT AR, AR R TS R S AT, o TR R R
SRR SE, T FR AR, DT 2K 2 (5 5

TE ARG SCTI L2 o598 AT A T K2, X2
WA S ICRIGRIE . 5 8h, M0 R A 36 VR o T S T, R R
7 75 (20 2 LUt 0o UKD 75 22 1 1 T B0 B
17, DTS00 % 1 R RS, SRMEAR TS A o 7 BR AL BRI B, SR T Perona
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A Malik 2 H 55 1) S PEY B s as ™ i DRI AR e RS 1 IR, e s dn KPR %
Hi PR BRI G @, B Ot n] DOKRAE 71 SR8 B3 KPS HEA T 4> B 3%
DRI B (K S AT 2R, A dE a0y N, Ry RT3 %
(A0S FLrpin ik 4140 3407 RAERAE T SR T I 46, 2R o ASCEFAOS
Ti %, R ERE A AN, HRAMMSE. 55, b TREEDNFKVE
P RBI A RIAKEE, FikP S (9 =1. Wi, Fykal LIRAh W R

dg,

7;:a)R(uj—maxi¢j(ui)), o, eR", j=12,---,C. (5.20)

MRS UG, B2 I 2 0 BRI A E L R P

(1) EGuEDE AL 1) S PE T g 2%);

(2) XFEBIEAT FCM 7387, SAFBH R E R u={u; | j=1,2,---,C};

(3) Wtk ¢, AT 5 R

(4) WP (5200 HEfL ik,

(5) JRIIMEERTAAL ¢, T AT 1T ) R L

(6) A LIRE)FN(S) H BN HI S
5.5.4 & o] R I%H BRI

FIGRAERAE R A T eSS IR & P P, W A (R R R & AN A R o AEEAT IS
SINTZ AT, T EUR AT S A . AR AR it A mT AN T PR R 0 2ok S
AN E PP EE TP BUR B P8 R, R A S T B e e 2 o 1P IR
Perona I Malik"™ 7 1990 4EFEH 1), 30 Mg Bukd s AT 7 RE I —ANE
SR ——BA BERUE, RS T —RLE, R AR AR S SR S R I i
HHi AR,

(1) P-M Jjfe

B T T B A 1A B T o3 7 R A R B K

o —anfe(IVII)-V11, (5.21)

CILGESE PR

I(x,y,t=0)=1,(x,p) -
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XV REMEE T, |- I1RREEE, div() ZEEE T, 12RmEE, gV )
YRR, SOAGT R IEROIRRS A FRA BT B EIR, IR R
MBS W TR ZH0R 51, i i ER AL E BAR A M A KT o 47 O R A B B i 2K
(3 S 32 SIBHAG , T AR P8 i P /N0 A Bz B it . k2 W Sl SR 2
FH A DX 53 68 i F g 7 7 A ) it FH 31 287 2E (1] - Perona F11 Malik i& ST A4 1R 24 :

1
g(”V“D—W (5.22)

F
g(IVI ) =exp(=(IVII/k)*)- (5. 23)

EY HOLFES, BREEWRES || VI || VE g1 S|\ VI=k, Weg(VI|])—0,
P EG |VIKE, Wg(\VI) =1, RSy . W, KL/ EEENS X
B A S IS R R, kAT R B I o R .

(2) 1ENHAE P-M 72

You ZEPNE R P-M 77 B4 HY A 1) BB A] BE S A, 7EdS SR, P-M 7
FEMIFRSAAA BA X TG 5 I S, BEIS P-M R AR e 1. AT, Catte
ST IEAL K P-M RS, HFRH CLMC A0,

%=div(g(||V]a )-VI), (5. 24)
FAVGE
Ia(x’yat) = Go- *Io(x>y>t) °

G, ®&/nJi 7N o If) Gauss FIEL.
e ogur], X (5.24) 2 AMoE e e, HAAw
@O AEAEME—ESEH T HME 1)(x,y) B X VEBORIE T BGRARZ LY #ioe
T
@ M AE B EE, B

inf {7, (x, )} <1(x, ,0) < supily(x, y)}

KEWE, AR LIS Iy, 00, AL BN R EAELER
KV B I(x,p,0) Atk fajf , D P-M J5RER AR A RS ]
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1 1
@ Ql(xayat)dXdyzlLl:@ QIO(xay)dXdy

@ Wl W RS, RN
u(x, y,t)—="- p
® 2V AR R BORE o RIS TARAT ™ BRI 2L ()
L(t) = jgr(u(x, y,1))dxdy

JEINIE) ¢ (¥ SRR R R, RSN [ r(p)dxdy -

(3)  P-M Jy R EE SR
ORRTSWiES
Perona il Malik!""%25 H 7 P-M 7 #2115 207 &

T

1M=I'+—> g(IVL, VI, (5.25)

|77s pel’

X, Thrs, p WIERMEE ARPRIEEE ;T 2R bhs A0 Py s AR A
% MVI, =1 -1I".

N (6.25) ATRAFAERXS T div[g(I VI D] 57— BlRe IR IR “ 2”7 Bk
o

KSR, B (5.25) MEATE, ENHPKAr<0.25 FIfELT,
R A2 (5. 220 HIAH Rl s, BoE 2 fasE 1. JeR7E T 805 2R
)20 [A] P S5 RIS TR SR G 2 T IR RN, e ik T P-M 7 R R A P T

@ PRATE

ST IEN4L P-M 5 #2, Weickert 32 H T 2 Ra st i 5 %2071,
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N
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Kb gl=g(IVIL, ) R ee s e, Rl ENEEG 10 =G, «1" 1]
B FERAEAAN L S B g () 7521
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KR %, SE AR A, - REEAERE, TS
e N

"' =1"+74" ™" (5.27)

AP LR 5y R RAE n R+ LI ZI ) R BB, 32 ORI 7 SO B 12
PiI, Ci=12, M, j=1,2,-,N) FHeiii i) MN 4E51 R A" 5 MN < MN 4
P, EIICER N

(g;+gf)/2, pel,
a,, =12, (g,+&)/2 p=s
0, other

A I 78 MN x MN AT FEFE, WS (5. 27) Mg nT AR R 4
I =I-cA")'I" (5. 28)

h T v e T AR BB O P SR R SR R, R Jacobi 1B 4RER Gauss-
Sediel EACHIEAR KM L VI TT B4
@ IEE TR E
T PR AR 1, Weickert 252 T INPESE 70245 % (Additive
Operator Splitting, AOS) 5.5,
B I AT G G RIS g R LY,

(I-2cAH" =1 (5. 99)
(I-204)" =1 '
SRIG SR P I R — IR e AR AR AR, R
n+l 1 n+l n+l
=S+ L)
Ep
I =%[(1—2TA:)_1 F(I=20 A" (5. 30)
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MTERL" )G

/%\flj = ];;

A WL =G f5 IV gy =gV, 1D

B. Xfi=12,---M
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a. WH(I-2c4) ) =X LHIoER:
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FE2 I IS, R IENAL P-M J5RE B AOS SEXS 5 MRI B4 T
JEBALHE

5.6 SRR

AR SEE A A S, BRI IR T 2 4EA R AR MR T
HREEG. i MRI BIBRHESE MRI Bl . JiER5#1458 5 Chan-Vese AYHI
Chan-Vese I %LL I Wang 2542 H 1k FCM Sk (MFCM)P?),

SHEE: JEDEBN B, Gauss B8 3, AnvfEZE 1, BEVITER 10.

FCM FrBt: BBITEHim =2, REFNEARIEAF 505 H br G5 B E

IKTVEEN B w, =7

AR LA B RIERIREL 100, ERE B O NBEZHLRNT107.

Chan-Vese FEMFIZ AHSTVEEARK 155 4F

B KIEARIREL 2000 R, B BE & R bR LS/ T 107

-83 -



5.6.1 SHE&TEILE

HIEHZ R RIS F— DN TERENR, EUREFRENGE H M1 5, EERK
/N 100 BZFE X100 55 . SR TA RIS, WIaateth Ze7e 45 73 %1 H Frok
(B 5.3a) , W (K 5.3b), (ERALEE 532t (K 5.3d) o BIH gl
LAt ge, Aol s, DA RGARNRGMNE. 2HESRER, T
WARMHIIEAIB I, SRS B IR B2 R, SRS W A A7 B AU

=) 0000
“« & &
0000

K 5.3 N LA 5o 145 R
WIaREE R GO , hdtfuiide CRE) Mig/anR 4R (aiihdo
Fig.5.3 Segmentation results of synthetic image. Initial contours (blue circles), middle evolving curves

(magenta lines), and the final segmentation results (white lines).

N T WUFSE SR AE R 75 4 R I ElbERe, 2RI LA B B G, BlIE
3 AN N s T S (FAE R 0 5 2224 0.02) FHARER M 7 (W 7 R 0.05) . TEVESE BB EL,
SHRBCE: AP 1.5, EARREL 3. ARSCHEE 40 #1451 Chan-Vese BI85y H 25
BEATHLHR . Chan-Vese #8173, 36 5 KU Kol 500 9, B0 RE it s B0t R /N T
107, PP RS A N AR B E IR AL 1= 0.1x2557 o & 5.4 AP 43 B 45
AT EN AR LLE R, FEm g A T, ARG T AU 2 B 25 L, mfehdh
PSSR, ARSCHEH B E25 R BT Chan-Vese BRI 43845 8 . X A>3
SERAEAR 5.1 SRt AT A 2 T A
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Kl 5.4 Mg T ARG RIGEIR (a), dInm i s B (B ndliaihzs) (b) , Chan-Vese
SRS RIGR (o) ASCHEARIZR (O 5 dnBERE A 1 % (R InplaailiZ) (o) . Chan-Vese
HPERRER (), ALEESRIGR ()

Fig. 5.4 Segmentation results of a synthetic image with different noises. Original image (a), original image
corrupted by Gaussian noise (overlapped with initial curves) (b), corresponding result of C-V model (c) and
result of our algorithm (d); original image corrupted by salt & pepper noise (overlapped with initial curves)

(e), corresponding result of C-V model (f) and result of our algorithm (g).

R 5.1 ANFME A PP REREAS

Tab. 5. 1 Performance indexes under different noise types

Kappa p T
. C-V model 99.63 042 0.33
Gaussian
our method 99.20 099 0.62
C-V model 95.87 722 1.28
salt & pepper
our method 99.07 1.10 0.76

N LA B0 990 s o v st P RARGER e P, SIZB3EAT 100 UK, X0 B4 R AT 48
e SIS R IR 5.1 ERACR A MPERESRFR O Kappa fi5br, PR ) MBI
o, PO 100 B P R ILE 5.1 K 5.1 W AR, FEm MR 40T, W
PPEE 7 B 4E RARHEIL, Chan-Vese HIZMAHLS TIRA TR AL, EB S Z&ET,
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5.6.2 {FE MRI E& 5 E)5018

FEA/NYT, 22285 8150300 B4 5 MRI BE, T1-IAUEIMG R INAS [5] 45 2% 1) e 7=
K14 M BrainWeb Wi N ek, )4 24 1mm, B K/N 181x217x 181 1A%, Tl jJDﬂ
KIMGE e LA 2, R)EHEAT %] . H Chan-Vese 2 AHF VA I B G 24T
T, orRas B2 2R B SL I o B4 R AT EUR

TEVED I B, WK B E N 0.5, [TRWENR 105 1B IHREEAR B E N 2 F1 3 K

xR 107" PIR A 94™ LI 48D o fF FCM ALFRRT B, RKEEH C w8 N 4,
SRR WM, GM, CSF M5 5t. 280 BIHEPR I ZH16ER: 12x12 Py (3 1
SN A EREAN BRI N« Chan-Vses ZAHEERH 2 MKFENIMGIG, AN KP4
AL 8x 8 A5 Pl

olelololclololol0l0l0]6)
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5.5 AN[FIME P 42N K145 B0 MRT IS 2351 107" U1 R 301 7% Rician M7 A SCEVE: #1EH1E(a),
GM M EIZEH (b) , WM 23 E]45 % (¢) ; Chan-Vese Z A5 (1 = 0.0075-255%): #I#41L (e) ,GM
SEIGR (D, WM B R (g) ; FRAEEIME GM (d) Al WM (h): 94™ ] F 51 9% Rician M7 .
ASCEE: WA (D, GM A EI45 8 (1), WM 21455 (5O 5 Chan-Vese £ I i%( 1 = 0.01-255%):
WIHEE (m) , GM ZEIZEE (n) , WM #1255 (o) taifEEE GM (1) Il WM (p)

Fig. 5.5 Segmentation results on simulated MRI images with added noise. 107" slice with 7% Rician noise:
initialization conditions (a) and results of GM (b) and WM(c) of our algorithm, initialization conditions (e)

and results of GM (f) and WM (g) of the C-V multiphase model with 2z = 0.0075- 2557 ; the ground truths

of GM(d) and WM (h). 94" slice with 9% Rician noise: initial conditions (1) and results of GM (j) and WM
(k) of our algorithm, initial conditions (m) and results of GM (n) and WM (o) of the C-V multiphase model

with £ =0.01-2557; the ground truths of GM(1) and WM(p).

K 5.5 P AT 107" YIS 7%  Rician MR, 94™ PIAERIN 9%
Rician Mg Je oo E|gh g, KL 5. 5 33145 W n] LLE 2], 6% F Chan-Vese 2 AH 512
P SRR L PN 2K R B b | Mk 19V A Y 0 e EA o O
%52 W 55 RK e mUPNEE R K S 2R ING T 45 R oK, E 7% 75 T, Chan-Vese
ZHFEIRIRZE (ry +r,) A KB 1937% 5 FUR 12.99%. ZREMRARIRZE
MK 13.33% FIETT 5.96%: 9% W4T, Chan-Vese 22 AHSVE I SR 22 K5
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23.31% A 12.95%, 12 REEN0E N FURAR TR 254 19.46% Fl 7.58% . ZEIET R
PRI ZAN T Chan-Vese 22 A5,

#* 5.2 B 5.5 PR TERETRAR (%)

Tab. 5.2 Performance indexes (%) of experiments in Fig. 5. 5

noise level GM WM
(%) Kappa T T Kappa T T
C-V 7 89.94 5.96 13.41 93.83 11.70 1.29
Multiphase 9 87.92 8.13 15.18 93.84 11.49 1.46
7 93.14 3.82 9.51 97.02 2.89 3.07
our method 9 90.39 11.03 8.43 96.24 4.52 3.06

TEME 7S ST R S2se rh, T 22880 C-V 2 AR ) 20 RN T AN[R) 25 2%
IR 1K) MRI EURCGE 84 225 103 Y1 R, W s2ie L i N Ek ot aE. B 5.6 thaxil
TR PR AR AN SR A B 45 BT Y Kappa #iZk. #hZR RIS 28 bR B, 76 AN [R] g
PR , ZRE BN TN T C-V M E L. AR 02 A HAF 5
FIPERE, DA R e e

T T T T T T T T T T T T T T T T T T T T
CV Multiphase CV Multiphase
098 —8— Our method il —8— Our method
098 - 1
0.96 1
004l ] 0.96 - 1

0.94

g =
= 09F =
o o
0,92+
0.88
0.86 09+
0.84
088 -
0.82
0sl— L L . . L L . . . 0.86 —. . . . . " " . . "
0 1 2 3 4 5 6 7 8 9 10 0 1 2 3 4 5 6 7 8 9 10
Moise Level (%) Noise Level (%)

5.6 AFIEFAR 20 PIR IO IS RGP I (@) KB (b) PR
Fig. 5.6 Curves of average Kappa indexes for segmentation 20 slices with different noise levels:
(a) gray matter; (b) white matter.
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5.6.3 E3 MRI B&H LW

FEAVNT, 2 RE00 B T1-IA MRI BME . SE PN IBSR VO3t
B0 BB TR T AUHEFLSRAR N MRI G, 28 SR IC Tt T F 3l 7 # 45 RAE N 4
Wi, TR PO L. BRI SE AR T AR A 2.

FEESE MRI s, S BUE I A A R RS, VI gEwAm. hThH
A AT H R, AR SR ] SPMSHI BrainSuite 2 B4 AT T 40 525G
SrEIgE R ILE 5.7 FE] 5.8, XRS5 RGN WK 5.3 M 5.4,
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Fig. 5.7 Comparison of segmentation results of different algorithms: (a) original image and mask; GM
and WM segmentation results of (b) SPMS5, (c) BrainSuite 2, and (d)our multiclass algorithm.

#* 53 K 5.7 PEY MRI B SER 45 RIS RS (%)
Tab. 5.3 Statistical indexes (%) of experiments on real MRI image in Fig. 5.7

GM WM
Kappa " T Kappa " Tt
SPM35 79.33 1081  27.16 87.55 380  19.19
BrainSuite 2 7959 022 33.76 89.02  24.10  0.46
Our Method 94.75 325 7.6 87.50 2823  0.28
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Sy FIA R AL, BrainSuite 2 VAL T HE A EE. Wang 58 A4 H 1 MFCM
SR T %0 BUR AT SE 5, Wang Z5PSHR AL T o E145 B RN, % 5.4 Pk
T HE BARbR. AR 5.4 FTLLEH, ASCHI 2 8051 B BN K ity % 1) Kappa 185
BT 95%. KPR TA AR 00 T Wang 28 A2 H 1) MFCM 835 1) 7 FIVERE .
LRI I BAL T FCM MR e A 73 R4 R (L9813 3)
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LE 1 #F

(a) (b) (c) (d)
5.8 ELSEMRI BB HISEK 45 RS EE: (a) MRIEIHR (B INA AT ) 5 Fahn H145 A (b)
SPMS5 73 HI45 4L (c) BrainSuite 2 730 HI45 R (d) ZHREESHFIGIR CH—AT: K, 3 AT HIO
Fig. 5.8 Comparison of segmentation results of different algorithms: (a) MRI image (overlapped with initial
curves of multiclass algorithm) and manual segmentation result; GM and WM segmentation results of (b)
SPMS5, (c) BrainSuite 2, and (d) our multiclass algorithm.
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5.4 5.8 PESMRT BB FITERETERR (%)

Tab. 5.4 Performance indexes (%) experiments on real MRI image in Fig. 5.8

GM WM
Kappa T iz Kappa T i
MFCM™®) 91.58 248  13.44 94.22 7.92 3.87
SPM5 89.34 735  13.33 93.57 1.86  10.45
BrainSuite 2 86.94 2.10  21.49 96.91 3.05 3.13
Our Method 96.45 0.18 6.69 95.89 751 0.99

Kl 5.8 Won T HdR4E IBSR_18 A1 1) Kappa fabrgiit thek. AN EHRLM
Y Kappa $8bR0: IR 82.48% K5t 91.42%. Wang 2542 MECM $32: 1)1 14
FHALBEFEAR A 1T 75.98% A0t 81.90%  (WLSCHR[98TH & 11 A Ak . 2 RH VLM
gy #145 R BT MFCM 8%,

Kappa (%)

—— WM

[]_2 1 1 1
0 20 40 60 80 100 120

Slice position

5.8 H: T1-I0A MRI Edfa 5 &E4D) 7 1) Kappa 1565
Fig. 5.8 Kappa indexes of each image slice in real T1-wighted MRI data volume.

R 5.510 DESE MRI Hdi 7 B4R (%)
Tab. 5.5 Average Kappa indexes (%) of segmentation experiments on ten real MRI datasets
SPMS5 BrainSuite 2 Our method
GM WM  AVG GM WM  AVG GM WM  AVG

¥E 8330 87.02 8516 8094 8553 83.23 9027 8330 86.78
FRYEE 5.83 1.96 3.05 461 5.98 432 0.90  2.98 1.67
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Résumé

L'objectif de la thése est de développer une méthode automatique pour segmenter les tissus cérébraux (la
matiere grise, la matiére blanche et le liquide céphalo-rachidien) a partir des images IRM, fournissant ainsi
des mesures quantitatives et précises du cerveau. Dans cette thése, nous avons développé trois modéles
déformables non-paramétriques en intégrant l'information statistique et I’information floue des images pour
segmenter le cerveau en différents types de tissus. Nous présentons d'abord une méthode basée sur
I’analyse de I'histogramme. La répartition de l'intensité des images est modélisée par le modele de
mélanges gaussiens (MMGQG). Les parametres du MMG sont estimés par ’algorithme «Expectation
Maximization». Ensuite, ils sont utilisés pour guider 1'évolution des courbes pour atteindre la segmentation
des tissus cérébraux. Nous proposons ensuite une amélioration d’un algorithme basé sur les contours actifs
orientés région avec la contrainte géométrique. Grace a la nouvelle expression proposée, il permet de
résoudre le probléme de stabilité sous-jacente associé¢ a l'algorithme d’origine, et réalise une convergence
rapide. Enfin, nous présentons une segmentation de multi-classes en intégrant une segmentation floue dans
la méthode level sets. Elle utilise un ensemble d'équations différentielles ordinaires. Chacune d'elles
représente une classe a segmenter. Cette approche réduit la complexité de calcul par rapport a 1'algorithme
multi-phase existant, permettant donc d’accélérer la vitesse de convergence. Toutes les méthodes ont été
évaluées avec des images IRM simulées et réelles. Les analyses quantitatives sont données. Les résultats

sont trés encourageants.

Mots clés : Segmentation, level sets, Multi-classe, modéle déformble, IRM cérébrale, Logique Floue.

Abstract

The research goal of this thesis is to develop an automatic segmentation method to segment brain MRI
images into different tissues (gray matter, white matter, and cerebrospinal fluid), providing quantitative and
precise brain measurements. In this dissertation, we have developed three non-parametric deformable
models integrating statistical information and fuzzy information of images to segment the brain into
different tissue types from multi types of MRI images. We firstly present a histogram analysis based
algorithm, where the intensity distribution of the MRI images is modeled via the mixture Gaussian model
(MGM). The parameters of components in MGM are estimated via the Expectation Maximization (EM)
algorithm. Then the estimated parameters are used to guide the evolution of the level set curves to achieve
the brain tissue segmentation. We then propose an improved algorithm to region-based geometric active
contour. Thanks to the new regional term, the new algorithm solves the underlying stability problem
associated with the original algorithm, and achieves convergence with less iteration number compared with
the original algorithm. Finally, we present a multiclass algorithm by integrating fuzzy segmentation with
the level set methods. The algorithm uses a set of ordinary differential equations; each of them represents a
class to be segmented. The multiclass algorithm reduces the computational complexity compared with the
existing multiphase algorithm, so speeds up the convergence rate. All algorithms are evaluated with
simulated and real MRI images, and quantitative analyses are provided. The results are very encouraging.

Keywords : Segmentation, level sets, Multi-class, deformable models, brain IRM, Fuzzy logic.
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