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Introduction

1 Aim of the dissertation

Image registration can be described as finding an optimal spatial transformation for matching the source
image to the target image [1]. It is an important issue in image processing, analyzing and understanding domains.
Among different applications, medical image registration is a very important aspect [2][3][4]. With the
development of medical imaging, different imaging technologies have been widely used in clinical diagnosis.
Images of different modalities contain different information. They are usually complementary. Therefore, to
acquire comprehensive information of pathological tissues or structures, fusing images of different modalities is a
critical way. Successful image fusion depends on accurate image registration, which is usually named inter-
modality registration. Another application of medical image registration is intra-modality registration. It is often
used to track disease evolvement and to evaluate the treatment effects. In addition, it can also be used to compare
population differences by segmenting and reconstructing region of interests. This dissertation aims at researching
intra-modality image registration techniques and segmenting organs or structures from MRI images based on this

approach.

2 Method description

Registration based image segmentation methods rely on a reference image volume with a corresponding atlas
in which structures of interest have been carefully segmented by experts. To segment a new image volume, a
transformation that registers the reference volume to the target volume is computed, which gives a spatial
correspondence between the two image volumes. Then regions labeled in the atlas can be projected onto the
volume of interest using the obtained transformation. Hence the segmentation problem is converted to a
registration problem [5][6][7]. Because the source image with segmented structures (the atlas) does not generally
come from the same subject as the target image, non-rigid image registration should be a suitable choice, which
reflects the nonlinear relations between the reference image and the target image. Figure 1 describes the flowchart

of such registration-segmentation medical image segmentation method.
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3 Main works of the dissertation

Medical image registration is far from a solved problem. Although there have been some encouraging results,
further improvements are needed for high quality image registration. Our research focuses on intensity based non-
rigid registration methods. Intensity based methods perform well in many applications. However, they are
problematic when there are significant intensity differences. These differences might come from different
acquisition processes or inherent anatomical differences between individuals. So our first work is to perform
intensity and geometric normalization to get a good initial match after studying Demons non-rigid registration
carefully. Our second work focus on researching topology preserved non-rigid registration method. Because our
final goal is to segment normal structures of different individuals, it is important to ensure the obtained spatial
transformation accurate, robust and physically reasonable. So the topology preservation attributes of a
deformation field have to be considered carefully. It has been recognized that only image intensity information is
used in the cost function for matching under the constraint of a smooth deformation field is insufficient in some
applications. Mismatch often occurs at that case, which will degrade the segmentation quality. To solve the
problem, we propose a new non-rigid registration algorithm integrates intensity and feature knowledge. That is

our third main work.

The dissertation organization is as follows
Chapter 1 —Non-rigid registration: stat of the art
Review of non-rigid registration methods and study on Demons algorithm.
Chapter 2 —Image Registration Considering Simultaneous Intensity and Spatial Normalization
Proposition of a registration method based on Demons algorithm and general elastic registration algorithm.
This method carries out both intensity and spatial normalizations simultaneously.
Chapter 3 —Topology preserved Demons Algorithm
Study on topology preservation problem of non-rigid registration and proposition of a topology preserved
Demons registration algorithm on the basis of analyzing the geometrical features of a vector field.
Chapter 4 —Hybrid intensity and shape features non-rigid registration: segmenting internal nuclei from brain MRI
images
Proposition of a new registration method to segment adjacent tiny structures with similar intensities.

— Conclusions and perspectives
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Chapter 1 Non-rigid registration: state of the art

1.1 Review of Non-rigid registration

Non-rigid registration is local nonlinear registration method. The obtained spatial transformation has high
degree of freedom and describes the localized differences between two data sets [8][9]. According to the used
image properties, non-rigid medical image registration are classified into feature based registration, intensity
based registration and hybrid intensity and feature based registration techniques [3][8][9][10].

Feature based methods attempt to extract the contours or surfaces of anatomical structures in the images to
be registered, and find correspondence between them [11][12][13][14]. They are efficient in representation and
independent of imaging modality. Point based registrations have been widely researched. The representative
algorithms include affine registration [15], Talairach transformation [16], elastic spline [11], thin-plate spline [12],
and so on. Curve based registrations are also active research topics, especially gyrus and sulcus features used in
human brain MRI image registrations [13][17]. For medical image registration, the more easily acquired features
are surface features. It is more accurate than point based and curve based registrations [18]. Recently, a new
proposed HAMMER algorithm [19] promoted the development of feature based registrations greatly. The
introduced GMI attributes provided a flexible frame for other relative researches [20][14]. However, feature based
registration is dependent on the quality of feature extraction, which is not trivial since anatomical structures tend
to have complex shapes and ill defined boundaries.

Intensity based registration methods obviate the need for explicit feature extraction or segmentation. They
have excellent performances in intra-modality registration and are paid more attentions by researchers [9] [21] [22]
[23] [24]. Based on the mathematical or statistical principles, the intensity statistical properties of all the voxels
are used directly to perform the registration. The similarity measure between the source image and the target
image reflects the intensity correspondence of the two images. Intensity based registrations come from two main
categories according to their theoretical basis: those originate from physical models of materials and those
originate from interpolation and approximation theory. The researches related to the two categories are very active
at present. The main algorithms based on physical models of materials include linear elasticity model [25][26],
viscous fluid flow model [27][28], optical flow model [29] [30]and continuum mechanics model [31]. The main

algorithms based on interpolation and approximation theory include radial basis functions expansion [32], B-

4
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splines functions expansion [33], wavelets functions expansion [34], and so on. Nevertheless, it is not sure that the
optimized solution leads to anatomically consistent transformations.

Both feature based registration and intensity based registration have their own unique advantages, but they
also have their deficiencies. So hybrid intensity and feature based registration methods are developed to integrate
the advantages of the two [35][36][37][38]. With the development of non-rigid registration research, hybrid
intensity and feature based registration would be main future research directions.

Image registration has many applications. In some medical applications, such as compare images from
different subjects, the physical characteristics of soft tissue determine that the non-rigid registration is more
suitable. In this chapter, we propose a new deformation force computation method after studying a variant of

classical Demons non-rigid registration [29], the active Demons algorithm [39].

1.2 Studying Demons non-rigid registration algorithm

The main idea of the Demons registration algorithm is to consider the non-rigid registration as a diffusion
process. A ‘demon’ is a selective effector situated in a point p of the boundary of an object O in the target image
(S). The source image (M) is considered to be a deformable grid, whose vertex is labeled inside point or outside
point. The role of a ‘demon’ is to push M inside O if the corresponding point of M is labeled inside, and outside O
if it is labeled outside. The inside/outside attribute determines the force direction of a grid vertex. Suppose the
spatial coordinate of a ‘demon’ is p with an intensity s(p), and the intensity of the corresponding point in M is
m(p). If m(p) <s(p), this point is labeled inside and pushed toward —Vs. If m(p) > s(p), this point is labeled
outside and pushed toward +Vs. The behavior of a ‘demon’ can be designed in different ways, where the
implementation method based on the optical flow theory is usually used for medical image analysis. The basic

deformation force formulation is

f= (m—s)Vs
Vs +m—s)?

(1.1)
The deformation force is optimized iteratively. When the optimized f is obtained, the source image can be
registered to the target image.

Equation (1.1) indicates that the gradient information driving the deformation is taken from the static image
only. It is insufficient in solving large deformation problem. If assuming the diffusion be bi-directional, a ‘demon’
at any point in the image space will produce not only a force that allows a deformable object diffuse into a

corresponding static object, but also produce a force that allows the static object diffuse into the corresponding

-5-
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deformable object. The new idea will accelerate registration speed and can cope with large deformation
registration problem. Based on Newton’s third law of motion, the new deformation force in active Demons

algorithm is

( Vs Vm )
f=(m-ys) + (1.2)

Vs +a’(m—s) ||Vm| +a (s—m)

(m—s)Vs

| Vs |’ +a” (m—s)

To facilitate the following analysis, the force f, = is named the ‘passive’ force and the force

2

Vm

m) — ‘active’ force.
[|Vm||” +a” (s —m)

f;n = _(S -

2

1.2.1 Parameter analysis

To better understand active Demons algorithm and achieve the best performance, we analyzed it in depth. In
active Demons algorithm, there are two important parameters. One is the elastic parameter o , which is the
standard deviation of the Gaussian smoothing filter, determining the smoothness of the deformation field. The

other is the equalization parameter « , which determines the limits of the deformations.

By analyzing the relationship between the registration accuracy and its parameters, we find that a smaller o
and o will give a faster convergence, while a larger o and o will give a higher registration accuracy. Therefore
adjustable parameters are better choices during the iteration process. The relationship between the two parameters

is show in Figure 1.1.

crogs-correlation

Figurel.1 Relationship between elastic factor ¢ and homogenization factor «
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1.2.2 Improvement

In classical Demons algorithm, the force principle of the two corresponding points is shown in Figure 1.2. It
can be seen that the force direction of the point p in M is according to —Vs if m(p) < s(p), and according to +Vs
if m(p) > s(p) . This procedure is obviously in line with the reality and consistent with equation (1.1). However
equation (1.1) also shows that when the gradient value of the ‘demon’ point is very close to zero, the force of the
corresponding point will be approximation to zero. So the effective region of the force is a style of monotone
function in Figure 1.2. But in reality, the intensity function of most real images is non-monotone function, which
will substantially affect the deformation procedure based on equation (1.1). Let us consider a very simple
deformation with only translation between the source image and the target image, which is shown in Figure 1.3.
Notice that the intensity curve is not a monotone function. There are three representative ‘demon’ points, a, b and
¢, in Figure 1.3. The gradients of these points are Vs(a), Vs(b) and Vs(c), depicted using solid line with the
arrow in the Figure. f(a), f(b) and f(c) are the forces of the corresponding points in the source image
computed using the equation (1.1). These forces are depicted using the dashed line with the arrow. It can be seen
that the direction of f(b) is opposite to that of f(a) and f(c). Obviously f(a) and f(c) are consistent with
the real moving direction. In Demons algorithm, the forces are computed pixel by pixel. The neighborhood
relations between different pixels are processed by Gauss smoothing. Although smoothing could make some
correction, points with incorrect forces will still remain.

The added ‘active’ force makes the active Demons algorithm more efficient than classical Demons algorithm.
However, it can still not solve the discussed problem. It can be analyzed from Figure 1.3 clearly. Let’s look at
points in region II. For any point p in this region, it gets m(p)—s(p) > 0 and the force direction is towards +Vm ,
which is similar to f(b). Such forces will also result in unexpected deformations. Fortunately the region I with
wrong f, and the region II with wrong f, will not overlap. It is benefit to weaken the unexpected deformation
when equation (1.2) is adopted. But the problem has not been solved completely, because it is hard confirm that
the correct force is always larger than the incorrect one. Meanwhile it is noticeable that when the gradient
directions of the corresponding points are the same, both the ‘active’ force and the ‘passive’ force are right. Based

on the analysis above, we can modify equation (1.2) as

f- (m—s){za—w) v 42 v } (13)

w
Vs |’ +a’ (m-s) | V| +a’ (s —m)’
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The value of the parameter » is determined according to the parameter ¢, where ¢ =Vs-Vm/||Vs||-||Vm||.
The value of w is 0.5 in the case of ¢ >0, which means the direction of f, and f, being the same. The
composition of forces is the same as equation (1.2). When ¢ <0 , an additional condition should be added to give
o a proper value. Since the goal of these registration algorithms is to decrease the sum of squared difference
(SSD) between the target image s(p) and the deformed source image m(7T'(p)), the intensity differences between
the two images using f, and f, as the deformation force respectively can be used to determine the » value. The
final formulation is as follows:
0, ¢ <0,and | m(f;(p)) = s(p) |2l m(f,,(P))=s(p) |

w=10.5, c>0
L c<0,and | m(f,(p)=s(p) < m(f, (P)=s(p)| (1.4)

Intensity Intensity

|
|
|
|
|
Space - | Space
p

(@ (b)

Figurel.2. Force illustration. (a) m(p) < s(p) (b) m(p) > s(p)

A Intensity

€]

Space

| o

Figurel.3. New force illustration.
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1.2.3 Validation and experiments

We carried out simple 2D images registration experiments to evaluate the performance of the improved

active Demons algorithm (MAD). It was compared to the classical Demons algorithm (D) and the active Demons

algorithm (AD). The results were showed in Figurel. 4.

(c) (d (©

FEEESSS

® (2 ()
Figurel. 4 Evaluation results on simple images registration

(a) Target image (b) Source image (c) D registration (d) AD registration (¢) MAD registration (f) Deformation field of D
registration (g) Deformation field of AD registration (h) Deformation field of MAD registration

Figurel. 4(a) is the target image and (b) is the source image with the dimensions 128x128. The source image
is acquired by shifting the target image 10 pixels towards left along horizontal direction. The known conditions
indicate that the source image should shift 10 pixels toward right as a whole along horizontal direction. Figurel.
4(c-e) presents the deformed source images using D, AD, and MAD registration algorithm respectively. It can be

seen form the deformed images that the MAD registration result gives a better match. The deformation fields of D

-9.-
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and AD registration shown in Figurel. 4(f) and (g) are irregular and the grid has been deformed in a wrong way in
some special regions. Comparison to D and AD algorithm, the MAD algorithm gives a much smoother
deformation field, which is shown in Figurel. 4(h). Almost all the points of the grid have the same deformation

direction, which is consistent with the true deformation.

-10 -
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Chapter 2 Image Registration Considering Simultaneous Intensity

and Spatial Normalization

2.1 Algorithm description

Demons registration algorithm is based on the implicit assumption that the intensities of two corresponding
voxels are equal, and seeks to maximize the intensity similarity using the sum of squared difference between a
source image and a target image. However this condition is seldom fulfilled in real-world medical image
registration without intensity normalization, because there are many factors that may affect observed intensity of a
tissue over the imaged field, such as the different scanner or scanning parameters, normal aging, different subjects,
and so on. So intensity normalization must be done before performing Demons non-rigid registration. Another
preprocess step is global spatial normalization, which will benefit the following non-rigid registration. Or else, the
inter-subject registration might be failed or less effective. For intensity normalization, a simple scaling of the
intensities considering mean and standard deviation normalization often appears to be insufficient since the
relationship between intensities of two images can be non-linear, in particular when both images come from
different scanners. So the commonly used preprocessing techniques are based on image histogram or joint
histogram [7][40]. For spatial normalization, global rigid or affine transformation is often used as initialization of
a following nonlinear registration [41]. Figure2.1 shows the examples verifying the importance of intensity and
spatial normalization before performing the Demons algorithm. Figure2.1(a) and Figure 2.1(b) are the source
image and the target image, respectively. There are large differences between them in image brightness/contrast,
geometrical feature, and space coordinate. Figure2.1(c) and Figure2.1(d) are the registration results based on
Demons non-rigid registration algorithm without any preprocessing. Figure2.1(c) is the deformed source image
and Figure2.1(d) is the residual deformation between the deformed source image and the target image. The two
images show that only a rough contour match can be acquired with little internal details, and the residual
deformation becomes very large without any preprocessing before registration. Figure 2.1(e) and Figure2.1(f)
depict the results based on Demons non-rigid registration algorithm with the intensity and spatial normalization.
Compared to Figure2.1(c) and (d), Figure 2. 1(e) shows a better similarity between the deformed source image

and the target image and Figure2. 1 (f) depicts a smaller residual deformation, which proves the contribution of

-11 -
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the preprocessing step to the registration performance. Therefore intensity and spatial normalization before using
Demons registration are necessary steps.

Traditional pre-processing strategies often employ two stage normalization processes, first dealing with the
spatial correspondence, and then being the intensity correspondence [41]. In this chapter we discard the traditional
way and propose to take into account both spatial information and intensity normalization simultaneously.

The proposed preprocess model is

m f(x,y,t)+m = f(mx+my+m mx+my+m_ t—1) 2.1

Where m,,i=1,---,6 are position parameters, m., m, are brightness and contrast parameters, and a temporal

parameter ¢ is used to distinguish the two images. The error function is

E(;1): Z [m, f(x,y,t)+m, —f(m]x+m2y+m5,m3x+m4y+m6,t—1)]2 2.2)

X,yem

Where @ denotes a small spatial neighborhood. By minimizing Equation (2.2), the expected optimized model
parameters can be obtained. The distinctive characteristic of this model is that it combines geometric model and
intensity variations model into a unified model. The geometric shape and image intensity can be modified

simultaneously. It is named general elastic registration method (GE) [42].

(a) Source image (b) Target image

(c) Result without preprocessing (d) Residual deformation

-12-
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(e) Result with preprocessing (f) Residual deformation

Figure 2.1 Registration result based on Demons algorithm with and without preprocessing

Although the discussed preprocess model has the advantages of making good intensity and spatial
correspondences, it also has some disadvantages. Firstly, the satisfactory registration result is at the cost of time
consuming. The local affine and contrast/brightness parameters are assumed to be constant over a small spatial
neighborhood. The parameters are optimized in a piece-wise way. The smaller the spatial neighborhood, the
slower the convergence is. Secondly, the model is insufficient in dealing with subtle local deformations. The
parameter optimization procedure includes inverting a parameter matrix defined in suitable image regions during
iterations. To guarantee the invertible attributes, the divided image regions should be large enough. The
localization ability will suffer from the tradeoff between small spatial neighborhood and matrix invertibility.
Fortunately, computational complexities can be reduced tremendously in Demons algorithm. Moreover, all points
in the image are free to move towards any direction, suggesting a high localization ability of this algorithm. By
combing the advantages of the two models, we propose a new registration strategy. Firstly, global GE registration
is adopted to give a rough match in geometric shape and image intensity, and then followed by a complete final

registration with fast Demons algorithm.

(a) Source image (left) and target image (right)

- 13 -
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(b) Deformed source image (left) and residual deformation (right) without intensity correction

(c) Deformed Source Image (left) and Residual deformation (right) with intensity correction

Figure 2.2 Registration result based on GE algorithm

2.2 Experimentations and validation

To illustrate the role of brightness and contrast parameters, a comparative experiment is carried out and the
results are depicted in Figure 2.2. Figure 2.2 (b) and Figure 2.2 (c) show the results with and without intensity
correction, respectively. The contributions of intensity correction to the registration performances can be clearly
verified by comparing the different results. It can be clearly seen from Figure 2.2 (c) that the result with intensity
correctness is good enough.

Figure2.3 depicts a registration result based on the proposed two-step non-rigid registration algorithm, named
GEcD algorithm. It shows a much smaller residual deformation.

For the quantitative comparison, the adopted evaluation criteria are usually mutual information (MI)[43]and
program running time. The comparison results between four methods are summarized in Table2.1. Here symbols
D1k, GEc, GEnc and GEcD denote the involved methods, which are ITK based standard Demons algorithm, the

GE algorithm with and without intensity correction, and the proposed method, respectively. Comparison of results

-14-
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indicates that when the intensity correspondence is perfect and the deformations between different subjects are
small, the Dyg algorithm runs faster and has better intensity similarity. For the GE algorithm, the added bright and
contrast parameters could improve the registration quality without increasing the running time. The proposed
GECD algorithm got the best registration accuracy without increasing the running time too much, compared to
D1k algorithm.

The robustness of the proposed GE.D algorithm must be evaluated through registration experiments using
more individuals. Therefore, the evaluation experiments are carried out on public MRI image data. The target
image used in the experiment is the one from the Surgical Planning Laboratory of Harvard Medical School [44],
which consists of 256x256x160 voxels with a spatial resolution of 0.9375mmx0.9375mmx1.5 mm. The source
images are real brain MRI images of twenty normal subjects provided by the Center for Morphometric Analysis at
Massachusetts General Hospital and available from Internet Brain Segmentation Repository (IBSR) [45]. The
coronal three-dimensional T1-weighted spoiled gradient echo MRI scans were performed on two different
imaging systems. Ten FLASH scans were performed on a 1.5T Siemens Magnetom MR System (Iselin, NJ). Ten
3D-CAPRY scans were performed on a 1.5T General Electric Sigma MR System (Milwaukee, WI). They all
consist of 256x256x61 voxels with a spatial resolution of 1.0mmx1.0mmx3.0 mm.

Registration results are summarized in Table 2.2 using Dyrx algorithm, GE( algorithm and GED algorithm
respectively. The results indicate that the proposed GE.D two-step registration algorithm was better than Dirx and
GE( algorithm in MI evaluation criterion. For a registration of two 256x256 images, the computing time was

about 35 seconds using Dyrg, 148 seconds using GEc, and 63 seconds using GE.D, respectively.

Table2. 1 Evaluation results of Dy, GEnc , GEc and GE¢D registration algorithms

Method MI Time(sec.)
Dirx 1.243 35
GEnc 0.932 148
GEc 1.050 148
GEcD 1.4 60

-15 -
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(a) Source image

(c) Deformed source image

(b) Target image

(d) Residual deformation

Figure 2.3 Registration result based on GE¢D registration algorithm

Table 2.2 The comparisons of Dirx, GEc and GE.D registration algorithm on 20 individuals

Subject 1 2 3 4 5 6 7 8 9 10
Drrx 1188 1.188 0994  1.125  1.084 1099  1.129 1204 1205 1.148
GE¢ 1070 1.070  1.080  1.190 1220 1050  1.040 1110  1.120  1.100
GE.D 1390 1390 1400 1470 1500 1400 1420 1450 1460  1.400

Subject 11 12 13 14 15 16 17 18 19 20
Dirx 1161  1.147 1076 1256  1.159 1206  1.167 1206  1.195 L.119
GE¢ 1200  1.160  1.060  1.190  1.110  1.130  1.080 1110  1.190  1.120

GE.D 1530 1450 1400 1530 1410 1480 1430 1410 1500  1.400

-16 -
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Chapter 3 Topology preserved Demons non-rigid registration

algorithm

For non-parametric non-rigid registrations, the obtained spatial transformations are represented by dense
deformation fields. In some applications, such as registration based homeomorphic targets segmentation, it is
important to ensure the obtained spatial transformation accurate, robust and physically reasonable. Therefore the
topology preservation attributes of a deformation field have to be considered carefully. Topology preservation
means the unchanged connectivity inside a structure and the relationships between the neighboring structures in
the deformed image. There is no tearing, no folding and no appearance or disappearance of structures. By adding
this constraint on the deformation field, the optimal solution space can be limited to physically accepted ones.
Topology preservation can be generally implemented by ensuring a positive Jacobian of the transformation [7]
[46]. One way to enforce topology preservation consists in adding further constraints on the deformation model
such as penalization of small Jacobian values. Another way is to track the Jacobian during the registration
procedure. In this chapter, we first discuss the topology preservation problem of a transformation based on
analyzing the geometrical features of a vector field. Then we give a simple local displacements correction method
to design a topology preservation Demons algorithm.

In original Demons algorithm, bijectivity and smoothing techniques are adopted in optimizing the cost
function to prevent topological changes. However, it is hard to have a theoretical verification. In fact, the topology
preservation problem of the Demons algorithm has been investigated in recent years and some cases without
topology preservation using this method have been found in some published reliable experiments [47][48].

Analyzing the Jacobian determinant of a spatial transform is an important aspect of studying topology
preservation problem. Let 7 = (X,Y,Z) denote the deformation field, where (x,v,Z) is the new position of point
P (x,y,z) after deformation. Then its Jacobian at point p is

Jy(p)=det[0X/ox 0X/oy 0X]oz;0Y[ox 0Y|dy 0Y[0z;0Z]ox 0Z[oy 0Z]oz] 3.1

A topology preservation deformation field must satisfy J,(p) >0 at any point.
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3.1 Deformation field analysis

The obtained deformation field in dense non-rigid image registration is a vector field, which reflects the
spatial transformation between the corresponding structures in the two images. To improve the understanding of
the underlying physical procedure and the implied topology information described by the deformation field, it is
useful to analyze the characteristics of the vector field. A vector field can be characterized by its critical points.

The most important critical points are attractors, repellors and vortices, which are depicted in Figure 3.1.

i N
P SN

(@) (b) (©

Figure 3.1 Important critical points of a vector field. (a) Attractor (b) Repellor (c) Vortice

The obtained displacement vector field using Demons algorithm is a function of the gradient of a scalar field.
So in this discussed deformation field, only attractors and repellors are considered because of the irrotationality of
a gradient vector field. The critical points of the vector field represent different physical properties, which is
dependent on the applications. For inter-subject brain MRI image registration, the attractors characterize the
expansion of the corresponding brain structures, while the repellors characterize the contraction. Such intrinsic
relationship coincides with the relationship between the Jacobian and the real physical properties. J, >1 means
the expansions of the brain structures, J, <1 means the contractions, J, =1 means volume preservations and
Jr <0 means the changed topologies. As is mentioned above, topology violation induced by image deformation
mainly shows tears or overlaps. According to the diagrammatic characteristics of the critical points (Figure 3.1), it
is easy to see that overlaps due to extrusions or folds will occur in attractors and tears due to over expansions will

occur in repellors. The common situations in 2D are shown in Figure 3.2.
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(a) (b) ()

Figure 3.2 Paradigms of the changed topology in 2D space due to the deformations. (a) fold (b) overlap (c) tear

The number 1, 2, 3, 4 in Figure 3.2 represent the four vertexes of an initial rectangle grid. The thick line
denotes the deformed grid, whose vertexes numbered 1°, 2°, 3", 4". They correspond to the initial four points. The
dashed line represents the deformation path of each vertex. It can be seen from Figure 3.2(a) that overlap due to
folds occurs during the deformation procedure, just like a plane not only changed in the shape but also reversed.
Figure 3.2(b) depicts the overlap due to extrusions, where points 2 and 3 cross in the deformation procedure and
the grid twists. Figure 3.2(c) depicts the tears because of the over expansions that exceed the permitted tension
strength. Here 5" and 6" are new inserted points coming from surrounding regions to fill the gap.

It can be clearly seen that if the displacement magnitudes of the adjacent points along the primary
deformation direction are not suitable, the new position of the point behind overlaps the new position of the point
ahead after deformation, folds will occur. So it is the cross problem. If the deformation directions of the adjacent
points near the attractors are opposite and they have unexpected large displacement magnitudes, crosses will occur.
Therefore both intuitive and easy solutions are to change such points’ displacements in a proper way in order to
preserve the topologies, where the prerequisite is to preserve the geometrical features of the original deformation

fields as much as possible.

3.2 Proposed correction strategies

If a continuously differentiable deformation field is topology preservation, its Jacobian should be positive
everywhere in its domain. A digital image limited by the resolution is defined in the discrete grid, which is not a
continuous function. So the corresponding deformation field is discrete. If a continuous deformation field is

determined by its discrete counterpart via the bilinear interpolation, its characteristics depend on the discrete
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deformation field. Therefore, if the Jacobians of various discrete grid points of the discrete deformation field are
positive, its continuous counterpart preserves topology in its domain.

Let a continuous deformation field be described as

X(x,y,z)=x+u"(x,y,2) (3.2)
Y(x,y,2)=y+u’(x,y,2) (3.3)
Z(x,y,z)=z+u’(x,y,z) (3.4

Where u*(x,y,z), u”(x,y,z) and u”(x, y,z) are the displacement field components of a point p(x, y,z)

along x y z axes. The Jacobian of the point p(x, y,z) is J(X,y,z). Define another deformation field T, as,

X, (x,y,z)=x+ku*(x,y,z) (3.5)
Y (x,,2)=y+ku’(x,y,2) (3.6)
Z,(x,y,z)=z+ku*(x,,2) (3.7

Let J, (x,y,z) denote the Jacobian of T, at point p(x,y,z). It is easy to see that when £k =0, J, (x,y,z) =1
and when k=1, J (x,y,z) = J(x, y,z) . If the Jacobian of T, at point p(x,y,z) is J(x,y,z) <0, the topology
preservation is violated. From the continuity of J (x,y,z) with respect to k , there exists & €[0,1] such that

J (x,y,2)>0. Because sampling a continuous deformation field results in a discrete deformation field, the

topology attributes of a discrete deformation field can be corrected by multiplying a proper factor between 0 and 1
in the original displacement field. Here central-difference method [49] is adopted to compute the discrete

gradients. Those points situated in both sides of the central point are named association points.

3.3 Algorithm Summary

Given a source image 4 with its pre-labeled image (the atlas) and the target image B , the overall
registration procedure is proposed as follows (after the brain extraction):
1. Initializing 4 by a global registration by the registration software FSL [50].
2. Performing the intensity based Demons non-rigid registration between the global transformed source
image A and the target image B with the following topology correction for the obtained deformation

field:

(1). Computing J(x,y,z) of each point according to the obtained deformation field;

(2). Decreasing the £ value from k& =1 with a same step if J(x, y,z) <0, and the new displacements
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of the association points around the central point (x, y, z) will be acquired.
Computing J, (x, y, z) according to the new displacements.
Repeating it until the proper &~ is found, such that for all points of the deformation field,
Jk_ (x,y,2)>0;
(3). Evaluating the similarity between the deformed reference image by the obtained T, and the target
image.
3. If the result doesn’t meet the convergence requirement, change the reference image with the obtained

deformed reference and repeat step 2 again.

3.4 Experimental Results

We carried out some experimentation on normal brain MRI image to validate the proposed algorithm. The
source image used in the experiment is the one obtained from the Surgical Planning Laboratory of Harvard
Medical School. It consists of 256x256x160 voxels with a spatial resolution of 0.9375mmx0.9375mmx1.5 mm.
The test images are real brain MRI images of normal subjects provided by the Center for Morphometric Analysis
at Massachusetts General Hospital and available from Internet Brain Segmentation Repository (IBSR).

The experiment results in Figure 3.3 show some cases of topologic changes after using a classical Demons
registration which uses only bijectivity and smooth techniques. The Jacobians are not positive in some regions in
these cases. The deformable source image and the target image are showed in Figure 3.3(a) and 3.3(b)
respectively, while Figure3.3(c) is the deformed source image by the deformation field without topology
correction. It can be seen that the similarity between the deformed reference image and the target image is high in
visual inspection. In Figure3.3(c), the white parts represent the positions with negative Jacobians in the
deformation field, which means the topology violation in these positions. Three typical regions with changed
topologies are highlighted using white rectangle. The enlarged deformation field diagrams of the highlighted
regions are depicted in Figure 3.3(d-f), where crosses can be observed near the attractors. Figure 3.4 shows the
deformation field with topology correction, where the same regions as in Figure 3.3(c) are highlighted and their
enlarged diagrams are depicted in Figure 3.4(b-d). The disappeared white parts in Figure 3.4(a) indicate that the
Jacobians of the topology corrected deformation field satisfy the topology preservation requirements. Moreover,
the deformation fields with topology preservation are more regular and much smoother. In the experiments, the

parameter k£ changes with a step of 0.01. If the cross correlation between the deformed source image and the
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target image equals or exceeds the set threshold or the passes of re-registration using the deformed image as the

new reference image reach the upper limit (here it is three), the algorithm will stop. Here the cross correlation
threshold is CC, = (1-CC,)/y +CC,, where CC, is the initial cross correlation between the source image and
the target image. The value of 1.2 is suitable for parameter y in the experiment. Figure 3.5 is the magnitude
differences of the two deformation fields with and without topology correction. The brighter the intensity is, the

larger the difference is. Here the averaged max difference is 2.18 pixels, which means the corrected deformation

field is generally able to preserve the original properties of the deformation field.

(a) (b)

(c) (d)
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(e) )
Figure 3.3 The deformation field obtained from the original Demons algorithm. (a) source image (b) target image (c) deformed

source image (d) enlarged region 1 (e) enlarged region 2 (f) enlarged region 3.

() (b)
(c) (d)

Figure3. 4 The deformation field with corrected topologies. (a) deformed source image (b) enlarged region 1 (c) enlarged

region 2 (d) enlarged region 3.
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Figure3. 5 The magnitude differences of the deformation fields before and after topology correction (measured in pixels).
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Chapter 4 Hybrid intensity and shape features non-rigid

registration: segmenting internal nuclei from brain MRI images

Brain internal structures play a central role in the intellectual capabilities of the human brain. Additionally,
these structures are also relevant to a set of clinical conditions, such as Parkinson’s and Creutzfeldt-Jakob diseases.
However, segmenting these structures from MRI images remains a challenging task due to their complex shapes,
partial volume effects, anatomical variability, and the lack of clearly defined edges.

A variety of computer-assisted methods have been studied to automatically segment brain internal structures,
such as deformable models [51], information fusion[52], fuzzy logic [53] and so on. In this chapter, we propose a
new non-rigid registration method integrated intensity and a priori shape knowledge, and then use this method to
segment brain sub-cortical structures. The segmentation strategy belongs to registration-segmentation category.
These methods rely on a reference image volume with a corresponding atlas in which structures of interest have
been carefully segmented by experts. To segment a new image volume, a transformation registering the reference
volume to the target volume is computed, which gives a spatial correspondence between the two image volumes.
Then regions labeled in the atlas can be projected onto the volume of interest using the obtained transformation.
Hence the segmentation problem is converted to a registration problem. These methods take advantage of the prior
knowledge provided by the atlas (structure shape, relative positions between the structures and so on). Such
strategy is helpful to the segmentation of the anatomical structures which are not clearly defined in the input

images.

4.1 Intensity Based Non-Rigid Registration

Image registration can be described as finding an optimal spatial transformation 7° for matching the
transformed reference image to the target image. The optimal transformation 7° is usually acquired by
minimizing the overall cost function £ :

T" = argmin{E(T)} = arg min{E,, (B, 4T)+ E,, (T)} 4.1)

Tel Tell

where 4 and B denote the reference image and the target image respectively. The set I' is the space of

admissible transformations. £, (B, AoT) as the first part of E denotes the data similarity measure and E__(T)

sim reg

as the second part denotes the regularization term to penalize the undesirable transformations.
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Different features can be used to construct the similarity measure among which the Sum of Squared

Differences (SSD) is a simpler one. The formulation of such metric is defined as:

E

SSD

oo (B AST) = B (B, AT) = || B= AoT | 4.2)
The SSD forms the basis of the intensity-based image registration algorithms and the optimal solution can be

obtained by classical optimization algorithms. As is well known, a simple optimization of equation (4.2) over the

space of non-parametric transformations leads to unstable and non-smooth solutions. The added regularization

term E,_(T) is exactly used to overcome such problem. Here the defined regularization term is given as follows:

E, (T)=q|T| (4.3)

reg

where g controls the amount of regularization. Therefore, the cost function can be written as

E=E, (B, AsT)+E (T)zEgz‘;;"""“‘(B,AoT)+E,k,g(T>:§HBonTHz +q|IVT|P (4.4)

sim reg

However, equation (4.4) will in general lead to computational intensive optimization steps. Fortunately,
optimizing the data similarity measure and the regularization term alternately provides a good solution to that
problem. The optimization of the data similarity term can be studied from the viewpoint of optical flow theory.
Under the assumption of intensity preservation, the image moving velocity v is computed. Generally v is
considered simply as a displacement vector field u = -» in image registration problem. Then at each point p of

the image, the displacement vector is calculated by:

(4°T(p)-B(p))
(4°T(p)-B(p)’+|IVB(p) I’

u(p)=- VB(p) (4.5)

The main iterative optimization steps can be described as:
(a) Given the current transformation 7'(n) , compute the displacement field u(n) .

(b) Smooth the displacement field u(n) : u(n) < G_ *u(n), where G_ is Gaussian smoothing filter.

(c) Compute the new transformation T(n+1) < T(n) + u(n) .

4.2 Hybrid intensity and shape features non-rigid registration

Only image intensity information is used in the cost function for matching under the constraint of a smooth
deformation field is insufficient in many applications. For example, if only a narrow gap exists between two
objects with very similar intensities in the target image, or if one of the corresponding objects in the reference

image overlaps with both the two target objects, a split problem will occur. Such situation is not a particular case
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and is common especially for brain deep gray structures. The final registration result might be good in visual
inspection for such cases if we only see image intensities (§chapter 1 and 2). However if we follow up the
displacements of the points on the structures, the corresponding points after the transformation could not correctly
represent the structures. Therefore some complementary information must be taken into account. Features
extracted by special feature extraction algorithms, such as points, lines and surfaces, are commonly used as the
complementary information [35]. In this chapter, we choose the shape knowledge derived from the atlas as the
complementary information. In common sense, homologous subcortical structures among normal subjects should
have similar shapes. Therefore adding a shape similarity term in the cost function would be reasonable.

Let o, :Q — R* be a distance transform of a shape s, which defines a partition of the image domain@ .
Let @ denote the region that is enclosed by s, and Q - @ denote the background region, the shape representation

will be

0, peSs

CDS(p): d(P’S)’ pew
—d(p.S), peQ-w

(4.6)

Where d(p,S) refers to the minimum distance between image point p and the shape §. This distance map
allows one to get a deformation measure compared to the original shape. Here Euclidean distance is used as the
distance metric.

This representation provides supplementary shape information related to the intensity image that can be

conveniently used as a new similarity term

B (@ (A), @, (40T)) = 2 @y (4oT) - B (A) *7)
Where ®,(4) is the shape representation of the structure in the atlas on the reference image 4 and ®,(A4T) is
the shape representation of the corresponding structure in the deformed atlas after the transformation 7T . Under

the constraint of the shape similarity term, the optimal transform would lead to the final segmented structure shape

as closer as that in the atlas. Therefore the above overall cost function can be modified as

E=E,, (B, AcT)+E, (T)=EN"" (B, AoT)+ Egar*(® (4), O (Ao T))+ E,, (T) (4.8)

sim reg
The optimal solution can also be obtained by the alternating strategy. The displacement vectors related to the

intensity and the shape at the point p of interest regions are:

. X J— (AOT(P)—B(P)) VB (49)
Wi () (AoT(p)-B(p)*+IVB(p)IP »)
wyo (p)= (@ (4=T(p) - P (A(p))) o (i) @.10)

(@ (4T (p)) =@ (A(p))+ [ VO (A(p)) |
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The combined displacement vector is:

u(p) = (1= B typrensiny (P) + Bty (P) (4.11)
Here the parameter S [0, 1] is used to balance the contribution of the intensity metric and the shape metric.
£ =0 means a pure intensity contribution and g =1 means a pure shape contribution.
A simple piecewise linear function is used to adjust adaptively the weight of the parameter, which is depicted
in Figure4. 1. The symbols used in Figure4. 1 are as follows:
x : the intensity 7/ of the target image in the region of interest.
x, =mean(l,...): the average intensity of the structure region enclosed by the boundary of the deformed

atlas structure.

xo = 'xO - ﬂ‘o-stmcture

and X =X, + 40, : Key intensity values where the intensity metric and the shape

metric have the same importance. Herein o

structure

denotes the intensity standard deviation of the structure
region enclosed by the boundary of the deformed atlas structure. A is an empirical parameter to control

the dynamic intensity range in which the shape metric is more or less important than the intensity metric

according to the intensity value near to or far from the intensity mean x, .

A

0.5

- +
Xo Yo Xo

Figure 4.1 The function of the balance parameter £ .

To register and segment multi-objects with very similar intensities in one time, we unified multi shape map

into one map. Let s,, i =1,---, N be N different structures of interest. At any point p, the shape representation

of 5, is @, (p). Then the N different shape representations are integrated into a unified shape map M (p)

according to the following principles
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@ (p), if @ (p)20
M(p) = max((l)“ (p), if ® (p)<0and | max((l)“ (p) e (4.12)

0, ifCD\‘ (p) <0 and | max(®_(p)) |> ¢

where ¢ is the threshold, &= min{max(®_ (p))}. Therefore, ® (-) in equation (7), (8) and (10) should be
i P ‘

replaced by M (+) in the implementation procedure.

4.3 Brain internal nuclei segmentations

The proposed algorithm is tested by segmenting the brain subcortical structures from MRI images. The
reference image used in the experiment is the one got from the Surgical Planning Laboratory of Harvard Medical
School. It consists of 256x256x160 voxels with a spatial resolution of 0.9375mmx0.9375mmx1.5 mm. The test
images are real brain MRI images of normal subjects provided by the Center for Morphometric Analysis at
Massachusetts General Hospital and available from Internet Brain Segmentation Repository (IBSR).

In the experiment, one should remember that the combined intensity and shape non-rigid registration is
performed only on structures of interest. The additional transform of structures should influence other regions as
little as possible. Therefore a region of interest selection must be done before refinement according to equation
(4.11). The selection of the parameter A is to be mentioned. It can be seen from the Figure 4.1 that the parameter
B varies with intensities of structures. Therefore only parameter A is constant and will be determined empirically.
Its value is not arbitrary but is easy to find a convenient one. Because a relative good intensity match has been
obtained after the previous registration, more weightiness should be given to the shape metric. Hence a larger
parameter A should be convenient. We set it to be 0.7 in our experiments for all cases.

The experiment results are depicted in Figure 4.2. Figure 4.2(a) is the reference image superimposed the
boundaries of the subcortical structures and Figure4. 2 (c) is the target image to be segmented. It can be seen from
Figure 4.2(d) that the segmentation of the left putamen by pure intensity based non-rigid registration is a local
optimum (the part enclosed by a black circle). The left putamen is close to the cortex gray matter with a narrow
white matter gap between them. They have similar intensities and at the meanwhile both of them partly overlap
with the putamen in the reference image. There are more possibilities to stick into the local optimum if only
intensity metric is used. Figure4.2 (b) is an example of the shape representation based on Euclidean distance for
the left putamen, where the distance map of the left atlas putamen is superimposed by its boundary. Darker the

intensity is, farther away the distance from the edge of the putamen. Figure4.2 (¢) is the distance map of the
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deformed putamen based on the original intensity based non-rigid algorithm superimposed by its boundary. It can
be seen that the shape match between the left atlas putamen and its deformed version is not very good. Under the
joint constrains of both the intensity and the shape, the reference shape and the target shape will match as much as
possible. Therefore, using the proposed method with the integrated shape metric, a better segmentation is obtained,

which is showed in Figure 4. 2(f).

(e)

Figure4. 2 Segmentation results: comparison between Demons non-rigid registration and the proposed method. (a) the
reference image superimposed by the atlas of subcortical structures (b) the shape representation of the left putamen in the atlas
superposed by the structure’s boundary (c) the target image (d) segmentation by pure intensity based non-rigid registration (e)
the shape representation of the deformed left putamen superposed by the structure’s boundary (f) the segmentation based on

the proposed method.

Comparative studies between the original Demons method and the proposed method are carried out by
segmenting brain internal structures from all volumes. Result on a typical volume is shown in Figure4. 3. Both

three planes superposed with the segmented subcortical structures and the final 3D view are presented.
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(a) (h) (c) (d)

Figure 4.3 Segmentation results on a T1 weighted volume. (a) Coronal (b) Axial (¢) Sagital (d) 3D view

To validate the results quantitatively, a kappa statistic based similarity index [54][55] is adopted in this
chapter. The similarity index measures the overlap ratio between the segmented structure and the ground truth,

which is defined as

2xTP

- (4.13)
2 x TP+FN+FP

The definitions of the parameters are as follows:
TP = G N E : the number of true positive;
FP = G N E : the number of false positive;

FN = G N E : the number of false negative;

Where G is the ground truth segmentation of a given structure, E is the estimated segmentation of the same
structure, and O denotes the complement of a set O . Perfect spatial correspondence between the two
segmentations will result in KI=1, whereas no correspondence will result in KI=0.

The KI values are computed for all the structures of all the volumes. The results are presented in Figure 4.4,
and the associated critical values are summarized in Table 4.1. The segmented structures are left and right caudate
(L-Caudate, R-Caudate), putamen (L-Putamen, R-Putamen) and thalamus (L-Thalam, R-Thalam). The proposed method and the
original method are represented by ‘Pro.” and ‘Ori.” in Table 1 respectively. The ‘max’, ‘min’, ‘mean’ and ‘SD’
items list the maximum, minimum, mean and standard deviation of KI values derived from all volumes. These
results indicate that in most cases, the proposed method gives better segmentations than the original method. As is
known, the brain subcortical structures have relatively small sizes, complex shapes. Moreover, there is only small

spacing between different structures, while their intensities in MRI images are very similar. All these negative
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factors make the fully automatically accurate segmentation a challenging task. According to accepted views [56],
a value of KI >0.7 indicates a strong agreement. So the results are satisfactory as the KI of the segmented
structures is larger than 0.7 for almost all 15 cases.

We also compared our structures segmentation results with those using original Demons algorithm and those
reported in reference' and reference’, because all the adopted algorithms belong to registration-segmentation
method and the used validation data are from the same public database. In reference', the validation criterion is
the same as equation (4.13) and the results were averaged on 34 structures. While the validation criterion in

reference’ named the relative overlap (RO) is different, which is defined as

GNE
GUE

RO= x100

(4.14)

The comparison results are showed in Table 4.2 and Table 4.3 respectively. It can be seen that both the validation
criteria indicate a better segmentation of the proposed algorithm than that of the Demons registration. And the
obtained KI value reaches the best result in reference’ well, while the standard deviation (SD) is much smaller,
which means a more robust segmentation for different data. Table 4.3 depicts the comparison of the RO value
between our results and the results published in reference’, where ‘best’ and ‘worst” mean the best results and the
worst results of the involved algorithms in reference’. As it can be seen, our results are inferior to those published
in reference’. Nevertheless, there are too many parameters to be selected in reference®, which is a challenge for

unskilled users.

1.0 — T T ' : I I
,,,,,,,, Original Method
Proposed Method

1.0 T T T T T T T

"""" Original method 0.9
Proposed Method

Kl Value

0.4

02

0.0

2 4 6 8 10 12 14
Subject Number

(@

Kl Value

0.5 B

0.4

0.3

0.2

0.1

0.0

8 10
Subject Number

(b)
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Figure 4.4 Comparisons of KI values. (a) left caudate (b) right caudate (c) left putamen (d) right putamen (e) left thalamus (f)

right thalamus

Table 4. 1 The KI value for the target segmentation

Structure L-Caudate R-Caudate L-Putamen R-Putamen L-Thalam R-Thalam
Method Pro. Ori. Pro. Ori. Pro. Ori. Pro. Ori. Pro. Ori. Pro. Ori.
max 0.812 0.729 0.813 0.691 0.831 0.752 0.829 0.759 0.857 0.806 0.850 0.788
min 0.539 0.537 0.567 0.571 0.694 0.633 0.743 0.666 0.735 0.680 0.747 0.665
mean 0.739 0.699 0.717 0.658 0.767 0.725 0.783 0.739 0.809 0.740 0.801 0.730
SD 0.072 0.049 0.062 0.031 0.037 0.029 0.031 0.027 0.031 0.032 0.030 0.032
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Table 4.2 Comparison of averaged KI value between our results and the results published in reference’.

Reference1 Ours
Method
Btopo B Bos<i< Blopo( A=) D Dio.6m Affine Proposed Dinat
KI 0.765 0.727 0.710 0.777 0.754 0.778 0.627 0.770 0.717
(SD) 0.107)  (0.152)  (0.142) (0.116) (0.105) (0.105) (0.150)  (0.064)  (0.072)

Symbols: By,,—B-spline-based registration with topology preservation and without regularization; B—B-spline-based registration without topology
preservation and without regularization; By s<j<»—B-spline-based registration with the constraint Jpi, = 0.5 and Jia.x = 2 on the Jacobian and without
regularization; Biopo=1y—B-spline-based registration with topology preservation and with regularization; Djg—the Demons algorithm based on ITK;
Do inom—the Demons algorithm using the intensity normalization; Affine—affine registration with 12 parameters; Proposed—The proposed method in

this paper; Dy,—the demons algorithm based on our Matlab code.

Table 4.3 Comparison of RO value between our results and the results published in reference’.

Method L-Caudate R-Caudate L-Putamen R-Putamen L-Thalam R-Thalam
o Proposed 58.6 56.3 62.3 65.3 68.2 68.1
urs
Dinat 53.8 49.0 56.9 58.7 58.7 57.5
best 62.7 / 68.9 / 73.7 /
B lopo
“ worst 56.7 / 66.4 / 715 /
Reference’
best 61.3 / 61.0 / 69.4 /
DI[k
worst 542 / 56.8 / 67.2 /
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Conclusion and perspectives

1 Conclusion

Segmenting deep brain internal structures from MRI images is not trivial due to their complex
shapes, partial volume effects, anatomical variability, and the lack of clearly defined edges. In this
dissertation, we study registration-segmentation methods to achieve the segmentation. These methods
rely on a reference image volume with a corresponding atlas in which structures of interest have been
carefully segmented by experts. To segment a new image volume, a transformation registering the
reference volume to the target volume is computed, which gives a spatial correspondence between the
two image volumes. Then regions labeled in the atlas can be projected onto the volume of interest
using the obtained transformation. Hence the segmentation problem is converted to a registration
problem. According to the compared image properties, registration algorithms can be classified into
feature based registration, intensity based registration and hybrid intensity and feature based
registration techniques. Intensity based non-rigid registrations have excellent performances in intra-
modality registration. So our researches focus on intensity based and hybrid intensity and feature based
registration algorithms.

The first work of this dissertation is to study the active Demons non-rigid algorithm, where image
intensities are used as the matching features. This algorithm did good works in registering different
medical images with the same modalities. To better understand active Demons algorithm and achieve
better performance, we analyzed its two important parameters. The conclusion is that at the beginning
of the registration, small values should be used for the two parameters to accelerate the convergence,
while at the end of the registration, they are should be large to get more accurate results. In addition,
we analyzed the deformation driven force in theory. The original given deformation driven force has
limitations in some image regions. In such regions, mismatch might easily occur. On the basis of
theoretical analysis, we proposed a new force computation equation and carried out experimentations
on synthetic images and MRI images to validate our method. .

Intensity based registration using SSD similarity measure usually assumes that the intensities of

two corresponding voxels are equal, and seeks to maximize the intensity similarity through
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optimization. When there are significant intensity differences between different images, such
assumptions will be problematic. So intensity normalization must be done before performing intensity
based registration. Moreover, in inter-subject registration, there are great geometric differences
between different individuals. So it is necessary to apply a spatial normalization to benefit the
following non-rigid registration. Traditional normalizations are two stage styles. Spatial normalization
follows by intensity normalization. We discard the traditional way and use a unified model to do spatial
and intensity normalizations simultaneously. The experimental results proved its contributions to
obtain an accurate non-rigid registration. This is our second contribution.

Preserving topologies unchanged during deformations is an expected attributes in homeomorphic
targets registration. Topology preservation means the unchanged connectivity inside a structure and the
relationships between the neighboring structures in the deformed image. It can ensure the obtained
spatial transformation physically reasonable. Demons non-rigid registration algorithm adopts
bijectivity and smoothing techniques to prevent topological changes. However, it has been proved
insufficient by some published reliable experiments. Through analyzing the geometrical features of a
vector field, we proposed a topology preserved Demons non-rigid registration algorithm, which is our
third work. It is examined by brain MRI image registration. The results indicate that without changing
the original deformation fields too much, the obtained deformation fields can be topology preserved.

Only image intensity information is used as similarity measure for matching is proved insufficient
in some applications. The final registration result might be good in visual inspection for such cases if
we only see image intensities. However if we follow up the displacements of the points on the
structures, the corresponding points after the transformation could not correctly represent the structures.
Therefore we propose a hybrid intensity and shape features non-rigid registration algorithm. Since
homologous subcortical structures among normal subjects should have similar shapes, we choose shape
information of the target structures as features. The information comes from the atlas and the pre-
registration directly. Distance map is used to represent the shape knowledge. Then the intensity
similarity measure and shape similarity measure form the new cost function. The proposed algorithm is
evaluated by segmenting brain subcortical structures from fifteen MRI images. Compared to pure

intensity based method, better segmentations are obtained when the shape knowledge are integrated.
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In conclusion, the main contributions of this dissertation include:

(©)
@)

Analyzing, optimizing and implementing Demons registration algorithm.

Proposing a topology preserved Demons non-rigid registration algorithm, which can avoid

unreasonable physical deformations.

©)

Proposing a hybrid intensity and shape features non-rigid registration algorithm, which can

complete challenging segmentation task effectively.

2 Perspectives

In the medical image analysis and understanding fields, a vast number of non-rigid registration

techniques have been proposed. However, more work is needed to further develop inter-subject

registration techniques in various aspects. Future works will be towards to the following aspects:

()

2

€)

(4)

©)

(6)

Study the intrinsic character of different registration techniques from mathematical views. This
will certainly pave the way for more reasonable registration techniques.

Study physical models to imitate the deformations. In principle, present physical models have the
advantage of providing physically realistic solutions. However, in reality, tissue exhibits complex
behaviors. Only in certain conditions can it be considered as an elastic or visco-elastic material. So
new intelligent physical model should be a future direction of research.

Research more complicated hybrid intensity- and feature-based techniques. Extract more prior
knowledge, which would be beneficial to drive the non-rigid registration algorithm.

Research more advanced regularization terms, such as ensuring the transformation which is
diffeomorphic.

Introduce multimodal similarity criteria into intra-modality inter-subject registration algorithms,
which would avoid the intensity normalization errors.

Explore evaluation projects more complete. Evaluation plays an important role in providing
feedback when new registration techniques are proposed. However, there is a lack of evaluation

studies of non-rigid algorithms with different transformation models.
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BT =5 45 LA TR A A 2L B SR G I 0L, AN AR AR (0412 W7 BT
BIERRIT T A AT Rt 2 % 28 UG B HERAICHE .
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YT AAL B A BE 08 I B R R = 4E TR SE it TR Z ARV gt Re
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B L LR B2 B R, e by RS A b CT MR, i MRIEHR, T1; Aiv:
MRI K&, T2; AF: DSAEUFRGEIEILY: AT XHZKE
Figure 1.1 some conventional medical images. Upper left: ultrasonic image; upper right: CT images;
middle left: MRI images, T1; middle right: MRI images, T2; bottom left: DSA digital subtraction
angiography; bottom right: X-ray image
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OB TSRS RS R, Fr B T 2R, SR AN TR P81, (HR A
AR SRR, NARAARL AR DL IR L Lok a5 A P Sl A2 SR AT 1 B 5
A AL E AR D)), gyt D AR BN A R A A BT AR i D e B Rt AT gt
OIMTIRG s AT 6 BRI 18] > 1 1 B B RSG5 (0 BRI T IO HE, R BRAE B BOR AR R Hh i
TR BB R .

LA E 2 5T B BEHE B (1)) LA ORI A K 3 A, 59 A LR i 2 1R N R S A T
SRl EBAN G A LU T IEAER 2230 DBl A4 . ASCE L MRT
BG5S BRI B HE SR I F X B 2 H bn AT 20 %1

1.3 EBRECHERAR ) 73R
GRCHER TR AR M T LA R 04,

1.3.1 A2 B HH

RIAT A REI) 25 () A B SR AN B eI R 5 R AR ), AN Gl AR R vl g
FEA I ECHERSR . RECKUF, AR B e B AN, Rl LORE BCHE 7> B LR LRk
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(1) WA e, PSR K REREAT 4 R RS MU e A, IR AR P A T o ) R
BOEAAR AT A R ANAE 5

WHRAGOLR, = 4ENIARA B = VO B AR = e B . R (v, p,2) &
WA G, ARRRAZ N (XY, Z) > W5 1R R G 28 mT AR 7S Bl

X = xcos(@)cos(w) + y[sin(¢@) cos(8) + cos(@) sin(w) sin(F)] +
z[sin(¢) sin(@) — cos(@) sin(w) cos(0)]+ p

Y = —xsin(@) cos(w) + y[cos(¢@) cos(8) —sin(@) sin(w) sin(F) ]+
z[cos(@) sin(@) + sin(@P) sin(w) cos(6)]+ g

7 = xsin(w) — y cos()sin(6) + z cos(w) cos(6) +

Hrby, pogr o x i, y RNz BT SEL  0,0,¢ FKonBEx il y PR 2 She ks
(A1

TEB 7 BB ICHED,  WIRAR 3 F T i R IO CHE . 53 AE 2 B i I &R B v
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(2) i A, RGBT LLEAT 2R ek HaCRUIAHAE, B AW K
L&, FLENPPATTEAE BN 5 ORFF AN, (EARAS B2 T8 (¥ ffy vl LA s

Pt ) — AL E 12428, HRE T

X=ax+a,y+az+a,
Y=bx+b,y+bz+b,
Z=cx+c,y+czte,

(3) Po¥A . AR HAWUR CE L, (EWURJE E 2 18] 1P AT B A O R Al
DA s BOE Aot e R 2t e i, a6 24, ik k.

X =(ax+a,y+az+a,)/ (mx+ny+ pz+1)
Y=(0bx+b,y+bz+b,)/(mx+ny+ pz+1)
Z=(cx+c,y+cz+c,)/ (mx+ny+ pz+1)
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(D) [FfREUEBCHE (intra-subject) « B EHECR A F— HAsadg s, Mg T ek
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AL, A DARRHE R B s 42 R B EHRRAAE DAk SR 5500 B e o 5
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Figure 1.2 type of spatial transformation
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TEX —RECAEF LT, BE TR s v — AN S A R oy, 330 7)1
W90, WS ECHE", Talairach A8, SEYERES™, WEBUFEA" ™%, JETHRIE AT
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RPN B A0 N IR TV, S TAR B I RICR o IR /N IR AIE n) 1 A2 i
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(R R S5 OC R o Tl IS 45 G R 2= A (A B SRR 05 S, TR HA (1% 7 1A ) .
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B GEAE RS, AT h S o0 SRENREAE BE 8 A3 BRI RS i . sk b, P2
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MV 2 S = 4ERd e F 28R AR — & N i 3t e AR B AEIT T8 1 0
SRR O R [29] 45 FH I 2k ok IR sh A R A e . I LR R FR W R T L AL
IR LT HER () 2 EBAL: BEAEAH OGN 32 2207 1) b Ho s K 3 i 20 2 Ja il e K. A
FH B 72 ) MR TG4 1 i B R =2 R A a8 o6 08 SOX SR M 2k, 4R 5 R H
AR IR AT A (Iterative Closest Point, ICP) ¥ & A115 H bk A% 1) %) 3 il 2k JTAC .
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W ERAH RS R, FEA A H PR ARG R, RifiE VLRl As .
XA E Gk U, RN AE LU s B ZR R AR 3025 Dl B 30 70 #0743 2, i s
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2 E S WA B A A I i R TS Y, % AR TR 2 A FE V22 T () Dl e X Ik
H =Y 8] AN [R] 2 2R 548 DA R AN [R]I H FRA8 51X o 8 i E i ALy i B L ke 1 3 TR
ek, a5 B ARSI N g5 M dE AT IERC . 28 TR 1 R nT LAos ik 2 Mog ey g
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AR, SCHR [34] 42 H IFTHAMMER S 75 HE— 20 8l 17 58 TR AE 1 UG BCHE R A 1)
KIE, eI AU AL (geometric moment invariant, GMI) J& 4 ] 5 & 4 f5 21 AH
SR IR A T AN R IR IHELE . GMUB TR 1) B R SR AR AMEE E &
I EMBERE, 1A R IESSbrid. 1a, SCERI38] [39] fEHAMMER 5.9+ N
ANRMRHE, SCER[40] [22] 3@k /N o, e 1 BUG e COMTJE PR & #givl JeAL
P EFHAMMERSLIEAN S5 &, Al LU e e Sy 58 B w k"

BbAL, &5 A AT EREA RN GE T TR AR 2 B8 1) 6 15 A 1) 1 v ARt 78 AN IR o i
I:Fl[42][43]o

1.4.2 ETREKAERIE

LR BG4 S 58 BORCHEAT 55 EDUE AR 25 2 B, BRIk 4n SR 9 i P 45 DL
PeHb AR 47, BHARBN ZAEE SR . g v, ERBastcntd, WA EGE
FLAHUCECIRT, 00 7o A 0 I AA 3R R K AR N 2 AL o 5T A B2 1) P v B0
HI 70 HEHE o R M AR R R R PR O R, 7E BB R EC HE T AR IS T Bk
PERE, DIMoSERh R K™ o 128050 R B s G 1 R, BB
T A B 2= B I Ge TR PE AT IO, DUAHDRE I (R 43 A DX 38500 AR BERE IR A BCHE TG 32
A I A T AR TR A A H B 2 18] A SR BEARUPE R B i, i I AR )
ARDARE S o O R R 2l . — b S @& AR i A W i AL 2 8, R AL ik,
A543 CAE PR R RE AL 0 825k 1) e 1

W e AR AR 0 5 ) & HLAH 9% (Cross-Correlation, CC) ™", 4 S g 1] 14
e E, WHEARMESET 1 WUR e R 2 WA e 2 5, W EASSE DT 1. T
K FAASUE 77 YRR B AR SCARABM R 0 -0 AN 23 S B, BRI T 120 BE PRy — 2B 4T o e ]
FALPR AR AL I 2 2 A S ZE 1P 5 A1 (Sum of Squared intensity Differences, SSD) , 24
i e A5 2 1) A7 A v 0 e A g RS ) 22 S IsF, - SSDI ik 21 Jge At SSDIJE (1) £ 15 54k
IRAE S SEB, v MRG58 OR =2 80MAAL, BOHERS BT 2R m= %, e 3]
J ey e e U RSB RSIOST B STy AH ALL 1 36 A ¥ U7 i ZE M - (Mean
Square Differences, MSD) HIINAL ¥ J7 1% ZZ M & (weighted Mean Square Differences,
WMSD) IO b 2 BUANR (AL W0 R 2 56 T3 B 1, H b2
R BRI 5 2 LA R B . R0 5 5 UG A BRAT IS 5 AT (045 JEh 18 D2 A2 R T
A AU R T AR - AEAN RTINS, FLrh g A% A 21 P A oA ) ] ) — AN B 2 IS8 (Joint
Entropy) """ 120 FE 0 = A s G 00 A A B i, R BRI AR ALLBE By, BB
G IZI LIRS — MR, B ER A R R X S A A 58 5 AR R S, T S bR
SR S S ECRILEL, FAC TZEE n FEE, XA S X e, B
S (Mutual Information, MID (R4 H ™7 7E — @ FE B B vk 13X AN )8, &AM
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25 RE W IR I A A L, L5 R e It P B0 B 8 X A R ik, 2 e P 5 58 4
VCRCI, EAF BB KB . FE T B BN A O AR AR U T RO BE RS, el 2
AR 22 RS S P v 1y BB 3 LS 12 T RS0 N B 1y g o o o it - o
SN 2 T A 58 A g e E S DX R L, DR SCH L T 3L R A RO I, an A
Ak B A% B ¥ (Normalized Mutual Information, NMI) 7 7H7R gDy g e
o b, A BB SCERAE T LS B ARRIPED B, R LEAE R A PRI (Ratio

Image Uniformity, RIU) """ 3B BE 245 PEINEE (Patitioned Intensity Uniformity)
[83] A

~J

FE K LB IR BRI S A e i R b, ANERVR LA A7 B 0 A, 5 ZORYR T P b
B0, RIEARH ) B A AR R PR AR O B Koy DR T o) 7 R A v
S, R R S A AL B AR AR O T e MU A M BC v SR . BT S I P SRR Ok
RIBFSEARAR R B, I 1123 Sl 4 LR i R g - = 2 R O HE Y 5 7

1.4.2. 1 ETHIBER AN RERE

1 sEEE

SR O L T ) RS BRI o B I A REAEUE R U R AR T B H B R 1
I RS P AR — N AL R SRR (g ) o X FE R B R S B A
JIREES, — AN, AR A TE AR N AR ) LA AR L 5 P A B 1 AR 1
BRI —ARA ), AR RL Fo X AN ik By, st R b
B . XL FE n] L Navier-Cauchy 26 P #0370 7 FEdfIA, BRI

ﬂvzu(xa Y Z) + (/1 + IU)V(V'M(X, Y Z)) + f(xa Vs Z) =0 (1 3)

HrhuRosfi REYy, frRAEHFE AR ErshJr, LIRS A e R, A A
p ALameH 4, H TR HAPEAR )AL TE 7. Navier-Cauchy 2 P 5 i ik 73 77 R (1) 5K
fif AT LLE B — AL R, gl a2 EARER A g i AR AL I B2 FIARER N ) AR T
Yy Vi k2 T AR P o nT DUR 2 Ry I s R, Aok, AT IR A ik
[85][86] , ﬁBEfDY [87]%%0

SCHR (851 B TR S 5Lk AR 2 I A AR W BC 1) Jeh, SR AR T A3 26 2 3
WA . A JTIEAE KRR 7 T REIN, FERE RIA% BT R ZEr e 5. H2ER
(e, SRPERCHE 7V & A BN TERCHE )l , — SO T RO RS iR ) A Ze bk
BeAE . My IE BB TR B AR BRI, BEVERES . SCHR (86156 SCHR [85] 42 th I vk
AT T A S, AEREAT SR RO AE 2 BN BHR AT T R TRIECHE, R R o PR A

B 2R TH, R 2 5 PRI ™, DN TR 2. 1%
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S (R AR ARALL I B R R T AR G o SCHR ™0 — 25 Jjg 7 PO HERE S, fuvr st
ZHBEAS AL E AR, T EAORUESC SR € 1 450 SN B it 22 8 .«

2 FRIRECHE

S8 T 7 R RS AT DUAR 7 M B A0L )= 5 I 3 N AR T, R B2 A R BRI .
Navier-Cauchy & V3 VE T 73 77 B A S AR /N TE MR AT e &, 1 Hos ) R 8UR T8
RE AR T s L 42 LU 3 0, DR e AN BB AR I TE AR ) /. P2 2 B S A T HE Y.
FH AR 5 Z R B A AR () vy R IR AR BCHE SV, DR N ZRAMAR 2 [R] 1) 22
s AR K . SCERI91] [92] 19314 th TR i A AL, gt pe KB A% P& 5 e 14 ) R
A DUETRR A IRARECHEROR o JRARPECHEBOR & S ARIE S ) 7 B LAl B, W 2 i
SPE BRSPSV EE . WECE MR, SR PERCAE S R 7 Lagrangianffe 42 73
M, SRGAYMEA, MR AANCHESCR N FE EulerianfE 28 734, 5 R 40 1 ZAH AH
Ko {EEulerianfE4L T, JARRBCAE L H Navier-Stokesiit (A il 70 77 FEftiik, RI

V(X 9,2)+(A+ )V (VT ov(x, ,2) + f(x,,2) =0 (1.4)
Hrv(x,y,2) FondlER T, f(xp,2) RAEERAAR ERAN ), AF p ki i iA 2
o S TERIAHEL, BR TS T RAEH TSy s AR w258, KRR
Wi AR )7 FE RN R R RS o TR R R I 2 TRl e R T
v(x,y,z) =ou(x,y,z,t)/0t+v(x,y,z,t)-Vu(x, y,z,t) (1.5)
Navier-Stokes it /4 i 18 73 77 2 N FEAS Ji 43R 1 4 F AR A DX IR ) ) 1~ 45 5%
Ro EWARBCAED , JEEMER 0T R R AR, WARLE N ) BAE R £ 80E fr ik
%o g —BtRfE, WK, WA IRmRsh. W) AE EIRBER I 1R AZ T el i o
BN BB = S SR AL AR T, i s, DRI AN JRBE B UF, GAARRCHE e e oK
BN A0 T R 1| b o N [ g 2 ol 1 G e g 7 TS
H T IR AR Y By i M R HAT v B2 K ARBL: - It EANavier-Stokes it A4 3 73 /7 FE 1)
SR A AT LA %5 Navier-Cauchy 2 P 35U 120 7 RE SR T 20, SR 557 1 /E
X R AR R SO Rty o BATARRME IR AR HC E 72 72 Christensendi H (13188
—BURARRCAE S, IOECHE SRR B R R G K o AR R . AR
RG34, ARG it e, &Ja KRR . Christensen$ H (1) 5H75 K HE GE
Ptk AR K i Navier-Stokesi Al 70 7 # .  THEEAER K, A RAIHAT A k5
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— AR, I e SR ) AR ek O PRI R g s 1) 5 2 A o)
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AR (A0 RE SEVFRAR I, ) e m] DUSEIAEAT R 2R R TEAR o AR i
AR (R IR L% /N0, A KASTE I AN R 3G G PT A IR T o Ll K R 1) B 2
RHS, R RRVERAIE, A7) e o T A R A LB BOP 35X AR 1A R 41 2145 F 1)
H 3R ILHAC .

3 i HUEE

BT Maxwell (#4722 B8, MR PR BN, H B4 1 i £ 48 -demons
PEHIE A T 807N, —BNEE, TRt XA T a2
(AR, ok R TR T R R O ME (Y Demons U HE SV, B I AR RAR H B EE
P15 B b AP A BA Pk B4, Bldemons. FI EIEE BE 1 LR TE IR A%,
WA (R BEAS 2 A bR o P RS R WHER AN R, 275 BB BIE A8 R LA
BIHPRALE, R EAN S, WP HHEE . Demons e #5032 1 UG AHALLME I B 25 SSD,
A DL RIS R PR B AR AR T VR L 0, R ol i e J s 2 PR AR IR £ S 2T i A B
WIER

JCR B KU T s il vh i), YRR, LS N s IS ) 3D
ST KB EE G A TP i s EHRAMESE . Dt PR R T TR 2 EHR T fEis
) (0 ok R AR R A AR, R

I(x(2), y(¢),z(¢),t) = const (1.6)
X2 (1. 6) Ko 14

dox dley dlez_ )
Ox Ot Oy ot 0z ot ot

X1 EHRBCAE R, nT DU R s B R 2 H AR EUR E sl 12, Bs g i A2 A
Ifa], ) b AR A
veViti =si—ti (1.8)
Hrh I v =[0x/0t,0y/ 0t,0z/ 0t] 5 si K1 ti 53 ) R 7R BEAG ST A H br AR TT IR
A BG A & R 37 In) 5 12 s BRI AR TR, )
v=(si—ti)Vti/ || Vti| (1.9)
XA RARE T AT A% 2 2 E R ). HASE AR B 2UA
_ (si—t)Vii
|| V| +(si - 1)’
S 77 RER H EGR AR S TR) L (R4 o A3 1) B RR A T Hg sk, (H Tk
TR BN O T IR, A2 O AR ) g R A ) S PR 7 925 A 358 Jn
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INZIH,  Hetn- Tt . Demons SR H i B 1) v ik 2 55 AR B 5 AR 1) 7 200 A2
JESREAT IR AL B, TR R, DRI RO 8652 R0 1) — Fh B
[98][94]1[99][100] [1][101][102][103]

TECIR BB PR TS ) Demons MUHESR LG & T AL BE/NR L A, AREw 2
RATEEGECHEN TG 2. O T8 KSR N G, SCHR[98]4 1 eoadk (1)
Demons 5%, A2 A EE) Demons 5k, ZF ARG BUE XA, A7 T E1&
IR RS A ATVHE ) EHRY #BBES 22 B G, T BARREnER ), 2
Z Gy i BE s EE T . Bk, BT AR ER S RAER IR BE, SCERTR S T
BB BRI E )y, K TS EGIE S, Rl

Vii .\ Vsi j
| Ve | +(si—ti)* || Vsi| +(si—ti)’

v:@Fﬁ% (1.11)
T RAEHEsEGAR Y, FrebzfEH ) RAERER SRS . SCk[98]iE, =&k
AR R T RS e R — B, i HR SO B R, BENE 58 AR TR P I
GIAIIBCHE, 76— EFLE F ik T DemonsBiEANRE AL T H AT 5 K TEAR 1) 4% B v ) 75
FETUER
R [100]7F Demons AH ¢ 53k i BLail EPIR7H 0 S T 8 B —f%PE PASHA
vk, DMET AL PR R AR X — 2R A . HIBE RPN IEIG 1 AT 1 fiE = PR L
E V¥l A
E(C,T)=S(,J,C)+c | C-T|} +AcR(T) (1.12)

Horp R 2 S 2 BB, 75 C AL T BRSO A, BPSHER 1 i 5
=N, HBREAEEMG J R BIE X N S . FFT TS B e, A g — A
PirREY), ZIEWEERE R MAR ., ZHAEGHILIRAFENE, Mo 5EEG%
WS TR R BEAHOC . PASHA SHOE AR T8 F i R e i i A . — R R
ARG TT L FIINAL € RO T, AR Y 1E Wk e i B A IEAS PRI, mT LR FH AR
A TSR E .

BET AR, SCERL101] 42 0 1 HA 1oy 1A VR SR AR 1 1R I 22 B Demons i #E 57
i, B HES) T Demons P HE B IL I A JE

4 EEEYNFRE
E AR SAERE A W] DUAR G 3 o3 A PR AR AT R i (ER R T BRI 2B R
CHBR A L) AT RS s AT R A AL, T 2R B TSy 7. B

FREMEMALBA LML, EAF LGP B a4 AL T, A
S0 2 R 1) ) 2 R 2 R AR AR 2L AT R i o LR RT AT U 45 1)
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YRR, R SRAEATC AR TR 5 e NAZHE T IXRE R O 2R IR AR LU g 251 B
HARMAT ARE R AR R OEMEIA S et B T8 ) S iR K e HE Sk
RV 128 AR I — AN AT T 0 (R 57 10

1.4.2.2 ETEREUSHIENEHEER S

X RECHE SR 5 3 T W BB A (W) R A AR, e TR — R A R
BB AR Tt B, kR R A S REUA TR . MR L EE,
PR SRR B T Ui AnL e . s T RGN ER B M 2R, BV E
W) —Fh IS R RO 1% 2 TR 2 o (U, T B 10 22 100 o 3 o U RE R 4 )
AR, s 2 WA M REA R, AEEAS I E, EERRELRERE,
WG BRI 22 200X R 250 A E MR P o) R b PR Y o g 2 RT3k FH 1) ik R 480k o S P
B NIRRT S AR, R4 BB TR T I R AL 1 AR NI
P e Sk AT K I e i g, i AR A 4 Y s AR R AT LD OB 4
OIS R S AR EEAU R, BRSSO AR I, W TR A ), H A
A3 SCHR A BRE S A B 75 R AL R 3

WHENOLT, KA PR SCAE,  BRIAEAS IR pR 5l 0] 20 [R) AR e A ook, i
HAFA B RO AR AT 42 R RS, IXAE R ROR SR L8 N T A AR 52, s
BRI = FE 1 JR BB TR AR I, X B I R B AT AT S ST A ML o PR EIC IR AR 1) 55— A ik
RUE, EHISEBEE 2R, HEEEER, T ENMMNH. BHZEEAR (Free
Form Deformation, FFD) """ {5 NEgAE 73X IR . FFDEAM H 48 ] B A %M
FEpRAL, WIBRESS, AR EBI=YEY) RSB s K TR, W4 O i Fe 21 R
LN TR A = I B AR 7 NS Y P o 27/ LN /NS il |1 L S )R A O R Y 2
I, PMABEZ AT . BRESR W] AR T, el 45 i a5 e e B 30 Jm) 5 & 33k 1 T
R . EH R PSR B A E TR B B, RN Eehe 7ok ERE. K
SR PR 2 ) A RE BN A SR R AR NI AR T, /IS TAD S () 428 o) i mT AR vy B 1 R BB AR T
{HIE /N REE RGN TH B BEAR K o A 1 AR AR NI AR T R B R o AR 22 A 35 2]
AT, TR 2 3 FER 077k, 1550 R 1) 23 F 2 I PG 0 3 256 o HH 21 4
e BE TSR IFFDERAE IR A, $28 i sl 22 1Al () 1A BR & 23859 (). FFDEUR HLEL
Pl BRE STk R AR BAR, CAER I Q= {(x,y,2)|0Sx< X,0< y<Y,0<z<Z}, @
Ronn,xn, xn YEWKS, g, YA, WA u(x, y, z) W AR R4
FEZCI =gk mAd, R

%)
[%)

3,

u(xaya Z) = ﬂl(u)ﬂm(v)ﬂn (w)¢l+i,m+j,n+k (113)

1=0,m=0,n=0
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Hehi=[2|-1, j=|2]-1, k=|3]-1, u=32-[2]|, v=2-|3|, w=2-|2], g%
AN RS R SCIR (121 ) SR A = IRBAE 45 A P R I HE I ] BAT s P RE, e
AR, AR U S 12 ] B DI ) 2 [ A e, [ I I8 BAF 2D 1) C2 1 4L
Afe. = IRBIES IFE R BT

Bo(s)=(1-5)"/6

B.(s)=(3s’ 65 +4)/6

B,(s)=(-35"+3s +3s+1)/6

Bi(s)=5"16

—IRBFEAAFFDRECAEF ARAE B 22 BUG BCAE R A LB iR i N T, Sk (117 42
(RT3 TR 28 A S AFARL A I BENMITP) = IR BAE 4 FFDRCHE, SCHR [122] R H = IRBAE & ECHE
BE2~MR. SPECTHICTE44%,

1.4.3 SZEIFEARNITERCHESEE

SV BT B RN TR 1R B AR 50023 HA 3% A MR e 34, (HL IR i B 2%
FIIAN A o AR IR 00 50 S50 LA WP AfG 10 A 5 A0 JLAT A TR, 3 8 (R S I A 1) 485 g o 5
] B ——X R R, (HAIE—AN588, WA LB AR AR R T LI, HELL
SEHLECE R AR e A B AR T KBS ECHE TV IRA T EN TN, RS
Sy SEIRECHE I FE R B BhAk, (X CUORUE BCHE 5 ) S5/ 2 A I 58 e —— RN R R . TR
R AR M L SR VA R o T s I B sl T K BRI TR IR O HE A A 2, 255
PG L. SOk (123D 800 31 5 3 B SR R R BMR 45 S, HIEMIR]
KLDAi B SIS BLECHE . PASHAST VL ™24 T Demons 535", FFAE UL H A ™ F1
FELEPEICPAIE " WIS, SEI TR B 5 B 5 H AR (s B0 R AP 45 & . SCik[125]
2 bR A O IR0 — B VR P M SR A TR S R E MR AR T — ANtk
FEZR . SEVEHR R I SRR R A48 N CARIC s & AL, I N LA W4 12 3 85y
FN1F B SR IE, A2 AR L — A IR A BE AR I B o T DATUL, fEPR 2
BG L HEAIR, Bl R BRI R, Bl B AR HE I3 i, S A R TR R i
HER AR TRIRIF 5N A% AR SR (1 — AN = LR e

1.4.4 AR R FC R 2 o 7 A 9 ) i

BRI (K7 VL T-AE L e U F v LR B T AR AP IR, (R AR
HERCR I TEIAR R, AT TR AR K ISR 2 ), AR IE 325 ) A i R A
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T o By e 1) A PP P A Bk T e (1 L e MO E I A A,
ST Y BB A, BAT S PR, AL —JOrEARE Ty it ii s 4
WAL AT B X

Ji4h, AERCHERIY A BN TE 22 (R SR IR AR R m I HEPE RE A 2 T B, S aRIX 8
SEIR SRS IO % A B RS o (RIS AERCHERTAL oo A3 b OR 55 5Ll o [
RIS LR N % A

d A A BCHE AT BE VRN 1) 0] e PEREVEOT W A% AR FCHE SR IBF ST b A R
HE AL, B EIENIVEI i, ARMERIAN RIS L B 038 P R A HH 22 it
HERIEEE, XM BRI )L

1.5 ASTHIBEFE A K 2

Pt B R e e s R R e i B PR A SN, BEAE WA HESOR I H 23
A, PR A AR KA R HE S AR I R K H a8 22, DU SR B IR BC TR g R A, 2R
ARREV AL R AR, SEIAT st M AEPIREAREF 0. A8 H AT ARRI T
FCHESAR R, SET Y BEASAY  AE K PERCHE LUEARFAT (IR A2 B ARAT NI BE S, B
P AN EE NS, Herb Demons AERIPERCHE R 22805 2 3E T RS IS5
PCHER—MEFFAER . ARSCHYEE 5% Demons 3% S o S rdt 5005 - 230
Demons SLABEAT TR NN E 0 M AR SCEL, BRI iz SRR A B 2240
S RBCRIS RS, DL IR AR IS I (SR PR, 75 1 S fae i I 2 s
(KM E B, JFEe T SEE B AR K T

Demons 5 NI PERCAE S 58 Kk T A EAS EIKBI EHR AT, R H 1 i B 4B K
JEZ2 (11T AR D B R AH ADURE FEE PO I 8 o 2 00 P2 OB BB 8 1 PRI B xR %
R AR AR, T MRIEMR, AR AR SEBCE DA
Yo T WAL, ME AT AL XA B A AT, I AR S T, AT
HKPEVEHETRAL . F34h, I FAFEARE O BCAE il L, ASFAMR I A B2 R, i
R BB 2 T A B 2 5 25 Demons SEAMIBCHE IR, DX i3 BEFIU G HEA T 22 M) b
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HEALALBE o AR SCER — 5 32 BEFSUARRI PR PO HE 2 i (V) A L AN 23 TR AL 1), 2t T —
B RIS R AL RO TRAL BE 598, 5 AR5 28 8] 73 D A MEAG I AN L o RIS HoAT
B (R I SR PR N T A2 E DT ) Demons 55032, AEECSENK R MRI 5 BCHE Y H] A 45
2 7S HER Y 4

ST AR A AR PR BCHE VAR BN o — M A, R R AR
WA BB & A REREREA E 2 &R LA higgh, WARBAMIAR, A
REPRIUEST 21 125 A1 At B BRI, mT LS o DRMAS SO 2 DY 75 B RE T 1 AR B3
ML AR, T R Rl OB R I, S T AR RV ORSF I A B 3  LAT Rs PE 1
AP NRIE R AL E 30 IME R AENITERCHE SRS, IR B S AT R T TP

CARIBFITER,  JE T A RE e S0 MRS T ARr A1k ) ME AR 2 AN ] B0 s R ke
s SREIRELEINL S SORIEA SR AKARRIVERC BRI U 3. A
TEE IR A AR BCHE VA S AS I B, AERCHE RE & s B0 h 5T TEIRAN
LRI, B T H AR RS IRAS SRS & M AERIvE eSS . SRE M TR
MUK EERIZ HAR 2 &, FEFIATR/AN TR AR IS ROR RV 2 5 R 1 B H A
(CELINE USRS

BeJa—FRAEE TARSCMWIIEER, S T 8E 2P0 Iy H A o

1.6 RE/NG

AT EENG TGRS B PRI R, H S T
SFRWARRITERCHESAR IWFTUIRGL,  IFRIIR T A BARWF T 7

_17_



[ VA9

2 F3 Demons BCHEE LT

2.1 £ Demons H -

2.1.1 HEREE

Demons JENIPERCHES LT 1995 F AL H ™, JFAE 1998 FIER LR . i%H
VAR B Maxwell #4072 BEAR F1 1K) 73 19 SO AR R I8 MR IR B HERL A .

T4, Maxwell 7R BRI T demons XS, W 2.1 Pios.
e — Mt a M1 b WA 4IRS B PIER T RRAE A B X, PiE i b A7
7E—28 demons xi, FILAXIFXPAFIAREIR 1, I HR ARV a 70 il & Ry 1
F AKX, by EE BIX, WY H4RE ARXRWUE anT, BXAWE b
T

A E A B
H H
'."- | P
o | - N L
L - 8 !
= - == o _®
' ] T @ @
® & L@
] - i (]
- :
174 demons ) 3}-i 5

K] 2.1 Maxwell [f] demons 574

Figure 2.1 Maxwell’s demons model

SWIXFER 7 7RO, AR H AR BB S 1 H bnfe B A7 A BAT R Rk
Feas, B demons, 1MEHEER M 2T LIAZIEIG MRS, RS IRIREAS s T Bobnic A N
A HETAFRK TR MR A R, AARER GRS wR 2EA 2 H
PIALE, WORFES s, MPREHAHE o T AR T RS IR SR 25 A A% 5 2 TR R G R A
s AR MREIARIC R, Bl DO RAT S B BN H ARG R . LY
B[ —NICHE Ro AfE W] AR RS )OO PERT, Z 2 AAREBAE demons sidh
RIAE, IXASIKBEEAE L H AR P8 DA A B X I K 70 BB . (R demons £ 178
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[ ARKR A p, HKJEAE R s(p)=1, WG XS N AL E AL 1 K FEAE R m(p) » #5
m(p)<I, WHZS AW, TR -Vs Tl [RZ, ZERINT, ZhIrmh
+Vs J7 Ao

Demons Hi5H Z P RIEWAZRA G, FLETALUT AT &

(1) demons fiIfE: BRI EG 5. FBENLESE;

(2) 7Bl H 2R AL NI (5 ARZRPEARHSE

(3) HE T SeVEAHME . ARG5S

@ ER e wE TR, R TOMmBIRSE.
AR A T7 XA AR R O FE N, N AT H T B AR
#EM) 28 Mt Demons 574 1 3= 24 47 -

2.1.2 48 Demons BEVE I Y

A TCHERS 22 EE 1 28 it Demons 5092 = M RN «

(1) demons R A Z2% BRI T AR 3 5w

(2) A AR AR WIPEA e, I HT g A AT P
(3) —IRERMEAGE;

(4) FTotmEe T SRR U

2.1.2.1 {EAA5ERER

288 Demons SE S TOLU BRI, KRG H AR BIRH ot iEgkiz s K
BReHIR P, H & B EG s ) 2 H AR EHR s s n) v o isg)m & v )
et INAEVR R EATg. it BRI AR B e e MR AE I8 3 1) A P DR 5 K EAN
A, TYEGOL N A RIS

I(x(2), y(¢t),z(¢),t) = const (2.1)
X2 1) K13
olox oloy oldz_ dl

cesgf=_ z (2.2)
oxot oyot ozor ot

W32 B N TR) G e S N T, ) AR
v-Vs=m-—s (2.3)
Horfry = (ox/or,0p/ot,0z/0t) , m Fls 3 EoR R M FIS (RIE . Zdin b, 13
BB R IE AN
_(m—s)Vs
2

(2.4)
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Anl, QAR GE AR NI O N ARGE, 2 H bR G b 3 D6 Ve H
RN, TEAR SRS A AT REARH K, S SERE ST . R AR I, (242N
(m—s)Vs

GRS ¢

T(2.5) AT LAERAIE B K BEARAR AN i 3 7 AR T 3K ) 43l 1%
Demons ik, KAEATT A BN E A AR, B2 i YOI
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RAE BN AL S d,(p) = —v,(p) 5
(2) V5 D,(p) =D, ,(p)+d,(p);
(3) ARV ERMEEGS HirEGAVLECREEE, ALK, R kA

o

2.1.2.2 ZHETH|ETHRIZEIEN L
2t $iDemons STy AT FH 10 25 1) AR W B L AR NI B AR e, HL s B A, o
PG P A — N RECH SR K PIAS S # T LA A R sh. B H B AR 2 AR e B AR mT DA
AR B4 5 B bR G 2 0] R N AR, (B2 759 21 10 AR TE 37085 AN el 2 — M1 >
W PESEsK . AR Tikhonov IE WAL FRAE ™", SHVEGIIA N4 M T SR b g ik 2 HEAT P 3
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B R ST I AN D, 21 2.1 15 (2) IRl
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d(p)=G,*d(p): D,(p)=D,,(p)+d,(p)
FTIE N S TR ARV 2 o A BAE R o e NIER B S, SLhr bR T AR
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WGBSR, A BT 0 BRI

2.1.2.3 ZBHYERRE

53 JZ2 B AE S e O AE SRR 1R R T SR, R ) 0 K AR B AR e e 1) i, i
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RIS 2 L HE, A 0 G SR AR B R RSS2 0 AR5 B 43 2 10 28 ) AR e R
B, VEBRSANZMAE ORI, 4Re: TR, 258 ot 4l 2 K UG e . Jd i 4
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Figure 2.2 multi-resolution strategy
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Figure 2.3 result of active Demons algorithm. (a)source image (b) target image (c¢) deformed source

image (d) deformation field
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Figure 2.4 elasticity parameter analysis of active Demons algorithm
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Figure 2.5 equalization parameter analysis of active Demons algorithm
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cross-correlation

K 2.6 AR AL S R MO A R B OC R i 2

Figure 2.6 the relations of the cross-correlation with the elasticity parameter and the equalization factor
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IRPEZE () 2 Ja VR KR 5 H AR MR K B 72
Figure 2.7 registration results on synthetic images. (a)source image (b) target image (c)deformed source
image (d) intensity differences between the source image and the target image (e) intensity differences

between the deformed source image and the target image
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(d) (e)
2.8 FHECESR. () TR (b) HbsEB (o) Z2EEHEE S () BB 5 2% KA
K22 () ZIE Ja MR B B H AR BB 1% 22

Figure 2.8 registration results on real images. (a)source image (b) target image (c)deformed source image

(d) intensity differences between the source image and the target image (e) intensity differences between

the deformed source image and the target image
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B ZNTTIRK-Vs JiR: RZ, RIS, 21718 8 +Vs Jial. YER 7R
K 2.9 Fix.
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Figure 2.9 deformation force illustration. (a) m(p) < s(p) (b) m(p) > s(p)
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Figure 2.10 New deformation force illustration.
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Figure 2.11 The registration results on simple images. (a) source image (b) target image (c) D registration
(d) AD registration (e) MAD registration (f) Deformation field of D registration (g) Deformation field of
AD registration (h) Deformation field of MAD registration
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Figure 2.12 The registration results on real MRI images. (a) The source image (b) The target image (c)
The known deformation field (d) Deformation field of D registration (e) Deformation field of AD
registration (f) Deformation field of MAD registration
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2.1 BRI A R S AR 2 72

Table 2.1 the differences between the obtained deformation field and the known deformation field

algorithm maximum minimum Standard deviation
D 1 -1 0.2396
AD 1 -1 0.2269
MAD 1 -0.9961 0.1748

2.4 RE/NGE

AN I SRR 3 B T 323 Demons S R R SR AR BORT I A AR HON e eI
(RIS, 530 T SEPn N I ZHOE RN, BIATAR IR R AN 2 LU RS,
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BR (ZelE) A HARE B ZE () () KBERIETR, A2 IR IER (Zelsl) A H AR RO 2=
(1)

Figure 3.1 Registration result based on GE algorithm. (a) source image (left) and target image (right) (b)

deformed source image (left) and intensity differences (right) without intensity correction (¢) deformed

source Image (left) and intensity differences (right) with intensity correction

(a) (b)
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3.2 WAL HE T )5 Demons STVEACEESE . (a) PG (b) HEREUE (o) ARSEAT TALPERIBCHESS J (d)
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Figure 3.2 Registration result based on Demons algorithm with and without preprocessing (a) source
image (b) target image (c) result without preprocessing (d) intensity differences (without preprocessing)

(e) result with preprocessing (f) intensity differences (with preprocessing)
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Figure 3.3 Registration result based on GEcD registration algorithm (a) source image (b) target image (c)

deformed source image (d) intensity differences between deformed source image and target image
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%3.1 Dirk, GEnc , GEc 1 GEcDSVEE REN E BP0

Table 3.1 quantitative evaluation of Ditx, GExc , GEc and GEcD registration algorithms

WARrS MI I A] (F2)
Dtk 1.243 35
GExnc 0.932 148
GEc 1.050 148
GE:D 1.4 60

3.3 LWEER

AL Z AR GEcD FEMERERAT 750k, H bR EIGAE G il b= 7 B i A (1) A
WE T1 AL MRI BEEUY), 408 256x256%160 MAZE, K E LA R4
0.9375mmx0.9375mmx 1.5 mm. 5 ERM I 5= FE M 5 B2 BB 28 7t b g A1 Y
MM MRI B ESR A, 36 20 AR EdE . 31X 20 NEdis ok B BN [ R A% i
JePRAss, Hodb 10 AN H 12 1.5T Siemens Magnetom MR System (Iselin, NJ), 3
A 10 A4 FH 172 1.5T General Electric Sigma MR System (Milwaukee, WI), Frf %L
AR S 256x256%61 MAZ, FEMARKAN 1.0mmx1.0mmx3.0 mm. A& 3.4
(a) WJLLEH, BUgR&AR, JEEHGR bR R 2 A RN 2 5, 1 HA
[FAME AT S 22 B L W o SRR SCRRICHE S, A2 G iR RS S B
PR AR B B iy, A Z MBS BAEER 3.2 Wi, BuE L4 R ek
TiX—451t, Bl GEcD HiET Dk HiEM GEc Hik. MItSEmE EE, RFEET
256256 EHRACHE, Dire SEPr P EvH SR 2 35 5, GEcD HIAT 2 63 0, 1M
GEc 5L 148 70

% 3.2 Drrk, GEc and GE.D HAMERELE 20 NS5 L LLEL
Table 3.2 The comparisons of Ditx, GEc and GE.D registration algorithm on 20 individuals

Subject 1 2 3 4 5 6 7 8 9 10
Dirx 1.188 1.188 0.994 1.125 1.084 1.099 1.129 1204 1.205 1.148
GEc 1.070 1.070 1.080 1.190 1.220 1.050 1.040 1.110 1.120 1.100
GE.D 1390 1390 1400 1470 1.500 1.400 1.420 1450 1.460 1.400

Subject 11 12 13 14 15 16 17 18 19 20
Dirx 1.161 1.147 1.076 1256 1.159 1206 1.167 1206 1.195 1.119
GEc 1.200 1.160 1.060 1.190 1.110 1.130 1.080 1.110 1.190 1.120
GE.D 1530 1450 1.400 1.530 1.410 1480 1.430 1410 1.500 1.400
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¥ 3.4 GE.D 5LAAE 20 S0 fis EARIREE R . ()20 MEEG LA HErEE) (b) G
HIIE B (e LA o H R R
Figure 3.4 registration results on 20 individuals using GE.D algorithm. (a) 20 source images (upper left:
target image) (b) deformed source image (upper left: target image)
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B D(x,1), x e Q, t €[0,1] KR FIRBSE, Ry A HAREER LR — R VO(p,0)
72 2 A AR PR AE AT EURRRG D922 2 TR) ARl A2 R 219 R

D(x,0)=® '(x,0)=1
®(x,1)=x+u(x)

o0®(x,t)/ 0t = v(x,t)

oD ' (y,t)/ 0t =[V®(p,0)] ' v(p,1)
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EIEASLRME IERRHRAS B AL TE I S8, R RHBEEE N AR R 24, |
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SCHR[92]48 Hi KGR AR B2 I8 T Tt o)y R e HE SR, LR e i
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BLT DU, SCHR[74178 B BCHERC R o In AN 3045 B, S A0S B AREAIE 1 —
— W . SR AR TR T UGS A T = A g, TEAS B = A AR
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AT 5 RARL A 77 1 A2 B LSRR BEZ AL TE I R M o I R PR 5 25 T 1) R et ke
SHRAEX BB L ATy, ARV AR T Y, 19 3 BAT 90 $h OR KR 1) e Ay 25 1) A
e,

SCHER[LS 20K A WA Bl AR O A 1) 3 A AT 20 ARG IR . 575K A Gauss-Seidel
SRR, EORARTE G R EEAT S A CRIFIE LA AR,  DMRIEAR TS B B R 4P AN
DA BIBRLNE B HEAG L — OO BT — A s, TR 22 B
RIS A R LR A AN e A S AR . BeHEL R A
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BRI S E(al, . al, )= [ 11 (x)=L(x+u' () ds
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Hp P2 HirE B BB RS, 20 B-FEARECE ) Bk 2% 284, F B-
FES R B e RAE. BEL p(x)=x" /2 58 ST A L HE R 2 18] 1R 2K BE AHALTE o 1R 4
g(c, x) AW FAT, FIET S NADAREAE, TR 23 (AR 3 (R F0 SRR ) L

g (c,x)=¢,—-J(c,x)

. 1
mm —-
g(c,x)<0VxeP | P |

| —a(z—-¢,), z<eg,
8:(e: ) =2 [IV/(x) B =) by, (D=1 b(z—¢,) "
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Horp J BRI HERT LUALRR - a,b,c, 6, 2 KT F IS AL
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Figure 4.1 the critical attribute points of a vector field
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Figure 4.2 Example of the changed topology in 2D space due to the deformations. (a) fold; (b) overlap; (c)
tear. The number 1, 2, 3, 4 represent the four vertexes of an initial rectangle grid depicted by thin solid
lines. The thick line denotes the deformed grid, whose vertexes numbered 1, 2", 3', 4", They correspond
to the initial four points. The dashed line represents the deformation path of each vertex. 5" and 6 are
new inserted points coming from surrounding regions to fill the gap.

WIESEAR T = (X,Y,Z) 7] IR,

X(x,y,z2)=x+u*(x,y,z) (4.4)
Y(x,y,2)=y+u’(x,y,2) (4.5)
Z(x,y,z)=z+u’(x,y,2) (4.6)
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ik, Zm AT AT A T (x, y,2) o @ XA ANBES T, , KKK N

X, (x,y,2) =x+ku*(x,,2) (4.7)
Y, (x,y,2)=y+ku'(x,y,z) (4.8)
Z(x,y,z)=z+ku*(x,,2) (4.9)
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Figure 4.3 the deformation field obtained from the original Demons algorithm. (a) the template image;
(b) the target image; (c) the deformed template image, The white parts represent the positions with
negative Jacobians in the deformation field, which means the topology violation in these positions. Three

typical regions are highlighted in white rectangles; (d-f) The enlarged deformation field diagrams of the
highlighted three regions
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(b)

(©) (d)

Kl 4.4 SHAMZIEIE IR EY) (2) 2B JE BRI, = A7nBil XA B K 4.3(c);  (b-d) X =
AT XK B AT SR A MR PRI AT (K BOR I

Figure 4.4 the deformation field with corrected topologies. (a) the deformed template image, where the
highlighted regions are the same as those in Fig. 4.3(c); (b-d) The enlarged deformation field diagrams of
the highlighted three regions.
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Kl 4.5 RS RT G IR 22 (MR R R
Figure 4.5 the magnitude differences of the deformation fields before and after topology correction

(measured in pixels)

(d) (e) (f
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(2) (h)
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R (h) MR AR, TR R B (o) DX A 7]

Figure 4.6 comparison of brain structures segmentation based on the deformation fields with and without
topology corrections. (a) source image, superimposed with the manual segmentation of the thalamus by
the expert. (b) target image (c) regions (in white) with changed topologies during the deformation before
topology correction. (d) the segmented thalamus based on the uncorrected deformation field. (e) the
enlarged diagram of the deformation field in a region with changed topology. (f) the topology preserved
deformation field after correction, where no white spots appear. (g) the segmented thalamus based on the
corrected deformation field. (h) the enlarged diagram of the corrected deformation field in the same

region as (e).
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Figure 5.1 (a) 3D human brain appearance (b) coronal (c) axial (d) sagittal
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Figure 5.2 human brain structures (a) brain tissue upper left: an axial slice of human brain image; upper
right: white matter; bottom left: gray matter; bottom right: cerebrospinal fluid (b) some brain structures
green: caudate; blue-green: thalamus; blue: putamen; orange-red: ventricle
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Figure 5.3 basic principles of registration based segmentation methods
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Figure 5.5 SPL altas (a)a coronal slice (b) corresponding atlas (¢) 3D view of some brain internal
structures
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Figure 5.8 Segmentation results: comparison between Demons non-rigid registration and the proposed

method. (a) the reference image superimposed by the atlas of subcortical structures (b) the shape

representation of the left putamen in the atlas superposed by the structure’s boundary (c) the target image
(d) segmentation by pure intensity based non-rigid registration (e) the shape representation of the
deformed left putamen superposed by the structure’s boundary (f) the segmentation based on the

proposed method.
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Figure 5.9 Segmentation results on a T1 weighted volume. (a) Coronal (b) Axial (c) Sagital (d) 3D view
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Figure 5.10 Comparisons of KI values. (a) left caudate (b) right caudate (c) left putamen (d) right
putamen (e) left thalamus (f) right thalamus

*® 5.1 KHEMZHER
Table 5.1 The statistical KI value for the target segmentation

Structure L-Caudate R-Caudate L-Putamen R-Putamen L-Thalamus R-Thalamus
Method Pro. Ori. Pro. Ori. Pro. Ori. Pro. Ori. Pro. Ori. Pro. Ori.
max 0.812 0.729 0.813 0.691 0.831 0.752 0.829 0.759 0.857 0.806 0.850 0.788
min 0.539 0.537 0.567 0.571 0.694 0.633 0.743 0.666 0.735 0.680 0.747 0.665
mean 0.739 0.699 0.717 0.658 0.767 0.725 0.783 0.739 0.809 0.740 0.801 0.730
SD 0.072  0.049 0.062 0.031 0.037 0.029 0.031 0.027 0.031 0.032 0.030 0.032

FRATTHRE A SRt ) 045 B I 23 B 45 R TR [132][155] %8 Hh &5 R 04T 17 %)
EG, BRI IR S SRR ) 5 vk A Be v -2 B, A P Bl S AT T B s AR )
T LEAT — s AT Ee e o STER[1321K H IS AL VPN ARt 5 ASTRA TR, 4 i &5 R 2
XF 34 NGRR3R 2 R JRAF 20 . STERI1SS 1R I AL VPO A e 5 AR DL EE FR 2K
WS AR, FROMAER SR E S A, HoE X
GNE
GUE

RO= 100 (5.13)
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Table 5.2 Comparison of averaged KI value between our results and the results published in [132].

Ref. [132] Ours
Method
Biopo B Bo.s<i<2 Biopo(=1 Dy Dio.juem Affine Proposed Dinat
KI 0.765 0.727 0.710 0.777 0.754 0.778 0.627 0.770 0.717

(SD)  (0.107) (0.152) (0.142)  (0.116)  (0.105)  (0.105)  (0.150)  (0.064)  (0.072)

P55 e Buope—2 IBFESCINICHE, AIIMREFNE, RIEATIENALALE, B—EE TBRESIICHE, REAH
HRFEE, RUHTIEWALARFE; Bosgo—2E TBREAIIICHE, MR AT A AR A T = 0.5 Hpy =
2, RIATIEMALIE;  Bipogony—25 TBFEAIIECHE, HHAMAFEME, HHT T ENMLAETF; Dy—ITK K fFH
S B0 ) Demons 8925 Dygguom— BEAT T 2K HE B #E 46 4k B2 1) Demons 8.7 ; Affine—12 2 # 1) /7 4 A2 #¢ ;
Proposed—AS SCHE H 5755 D par—AS S HL ) Demons 572

5 3ACELVEAISCER[ 155155945 3] 1) 43 Fl 45 FIROMH He s

Table 5.3 Comparison of RO value between our results and the results published in [155].

Method L-Caudate  R-Caudate L-Putamen  R-Putamen  L-Thalam  R-Thalam
Proposed 58.6 56.3 62.3 65.3 68.2 68.1
Ours
Dinat 53.8 49.0 56.9 58.7 58.7 57.5
B best 62.7 / 68.9 / 73.7 /
o worst 56.7 / 66.4 / 715 /
Ref. [155]
best 61.3 / 61.0 / 69.4 /
D
worst 542 / 56.8 / 67.2 /

55 %5 S Proposed— A SCHEH I 1 Dypor— A SCSEILI) Demons 59255 Biope— 551 B FEAIECHE, A 4MRFF
14 Dig—ITK E AP 5B ) Demons 532

5.4 RE/NG

AEEE I 3 A T A RE AR NI PE B SRR A HE AR PE, AERCHERE R H b 5B
DAL, SEH T8 A AR 5 ARAT BAR S 5 AR R O e Sk . B i B
SEA K], HTE A ARAALEE OGS B A A5 BB R AL HEAT T s gh7e,  HHATIE
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Résumé

L'objectif de la thése est de contribuer au recalage ¢élastique d'images médicales intersujet-
intramodalité, ainsi qu’a la segmentation d'images 3D IRM du cerveau dans le cas normal.
L’algorithme des démons qui utilise les intensités des images pour le recalage est d’abord étudié. Une
version améliorée est proposée en introduisant une nouvelle équation de calcul des forces pour
résoudre des problémes de recalages dans certaines régions difficiles. L'efficacité de la méthode est
montrée sur plusieurs évaluations a partir de données simulées et réelles. Pour le recalage intersujet,
une méthode originale de normalisation unifiant les informations spatiales et des intensités est
proposée. Des contraintes topologiques sont introduites dans le modéle de déformation, visant a
obtenir un recalage homéomorphique. La proposition est de corriger les points de déplacements ayant
des déterminants jacobiens négatifs. Basée sur le recalage, une segmentation des structures internes est
étudiée. Le principe est de construire une ontologie modélisant le connaissance a-priori de la forme
des structures internes. Les formes sont représentées par une carte de distance unifiée calculée a partir
de l'atlas de référence et celui déformé. Cette connaissance est injectée dans la mesure de similarité de
la fonction de colt de l'algorithme. Un paramétre permet de balancer les contributions des mesures
d'intensités et de formes. L'influence des différents paramétres de la méthode et des comparaisons avec
d'autres méthodes de recalage ont été effectuées. De trés bon résultats sont obtenus sur la segmentation
des différentes structures internes du cerveau telles que les noyaux centraux et hippocampe.

Mots clés : Segmentation, recalage non rigide, similarité, mod¢le de formes, IRM cérébrale, structures
cérébrales.

Abstract

The research goal of this thesis is a contribution to the intra-modality inter-subject non-rigid medical
image registration and the segmentation of 3D brain MRI images in normal case. The well-known
Demons non-rigid algorithm is studied, where the image intensities are used as matching features. A
new force computation equation is proposed to solve the mismatch problem in some regions. The
efficiency is shown through numerous evaluations on simulated and real data. For intensity based
inter-subject registration, normalizing the image intensities is important for satisfying the intensity
correspondence requirements. A non-rigid registration method combining both intensity and spatial
normalizations is proposed. Topology constraints are introduced in the deformable model to preserve
an expected property in homeomorphic targets registration. The solution comes from the correction of
displacement points with negative Jacobian determinants. Based on the registration, a segmentation
method of the internal brain structures is studied. The basic principle is represented by ontology of
prior shape knowledge of target internal structure. The shapes are represented by a unified distance
map computed from the atlas and the deformed atlas, and then integrated into the similarity metric of
the cost function. A balance parameter is used to adjust the contributions of the intensity and shape
measures. The influence of different parameters of the method and comparisons with other registration
methods were performed. Very good results are obtained on the segmentation of different internal
structures of the brain such as central nuclei and hippocampus.

Keywords : Segmentation, non-rigid registration, similarity, shape model, brain MRI, brain structures.
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