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Abstract

In this paper, we focus on the automated extraction of the cerebrospinal fluid-tissue bound-
ary, particularly around the ventricular surface, from serial structural MRI of the brain
acquired in imaging studies of aging and dementia. This is a challenging segmentation problem
because of the common occurrence of peri-ventricular lesions which locally alter the appear-
ance of white matter. We examine a level set approach which evolves a 4D description of the
ventricular surface over time. This has the advantage of allowing constraints on the contour in
the temporal direction, improving the consistency of the extracted object over time. The 3D
MR images of the entire brain are first aligned using global rigid registration. We then follow
the approach proposed by Chan and Vese which is based on the Mumford and Shah model
and implemented using the Osher and Sethian level set method. We have extended this to
the 4D case to propagate a 4D contour toward the tissue boundaries through the evolution
of a 5D implicit function. For convergence we use region-based information provided by
the image rather than the gradient of the image. This model is then adapted to allow intensity
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contrast changes between time frames in the MRI sequence. Results on time sequences of 3D
brain MR images are presented and discussed.
� 2005 Elsevier Inc. All rights reserved.
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1. Introduction

In recent years, brain magnetic resonance image segmentation established itself as
an important research field, because of the increased need to correctly analyze and
quantify brain anatomy and function. In this paper, we consider the problem of
accurately extracting ventricular surface from serial structural MRI of the brain,
in imaging studies of aging, and dementia. Extracting an accurate representation
of the tissue-cerebrospinal fluid (CSF) boundary is a key step in evaluating tissue
volume loss over time, which is important in the study of different neurodegenerative
diseases. Specifically, accurately estimating the amount and location of tissue loss al-
lows the tracking of a disease effect over time, providing a key to diagnosis and ulti-
mately providing a direct quantitative measure of any treatment effect provided by
drugs or other clinical interventions.

This image segmentation problem is challenging because of the common occur-
rence of peri-ventricular lesions in MRI of even normally aging subjects which local-
ly alter the appearance of white matter surrounding the ventricular space. An
example is illustrated in Fig. 1. This shows the expansion of the ventricular CSF re-
gion (dark) and contraction of surrounding white matter (bright), together with the
development of a region (gray) of white matter lesion on the lateral surface of the
ventricle. The changes in intensity of a given tissue in a temporal MRI sequence (that
we can see, for example, in Fig. 1) are not only local, due to changes in tissue integ-
rity, but also global, due to inherent scanner setup differences. In addition, because
Fig. 1. Trans-axial slices through structural MRI of a subject with Alzheimer�s disease, at two different
time points showing the expansion of the ventricle and growth of peri-ventricular white matter lesions (the
arrows point to the lesions).
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of the limited resolution of the MRI data, the CSF structures of the ventricle are not
necessarily linked into one connected CSF structure. This topology may change as
tissue surrounding the ventricles is lost over time. We therefore require a segmenta-
tion process to allow the delineation of CSF from white matter that may have an
unknown and temporally varying topology. In what follows, we will give a brief pre-
sentation of a class of segmentation methods that we believe may work for this prob-
lem and illustrate its use on example and synthetic image data.

1.1. Brief review

Due to the important role that image segmentation can play in clinical proce-
dures, many segmentation methods have been developed in recent years. Among
them, those approaches based on the evolution of active contours have generated
much interest. Active contours are hyper-surfaces that propagate in the direction
of intensity gradient to recover object boundaries. The active contours can be either
parametric or geometric. The classical parametric contours [9,15] are based on the
minimization of an energy functional that takes a minimum when contours are
smooth and reside on the object boundaries. They are represented explicitly as
parametrized hyper-surfaces using the local Lagrangian method. However, this mod-
el is limited because first, the external forces resulting from this model are conserva-
tive forces (i.e., they are gradients of scalar potential functions), second,
re-parametrization is required to explicitly handle topological changes, and third,
the initialization must be close to the desired location to avoid oscillations and insta-
bilities which inevitably appear during the evolution process. To allow for more gen-
eral external forces (like region-based forces) to act on the contour, Xu et al. [30,31]
formulated parametric active contours directly from Newton�s law of motion but the
handling of topological changes are still a drawback of the method.

Geometric active contours are represented implicitly as level sets of signed dis-
tance functions which evolve according to a global, Eulerian method
[23,16,17,4,18,11–13]. They can be described by level sets of higher-dimensional
functions, which offer a range of advantages including independence from the choice
of parametrization, the ability to permit topological changes and the availability of
stable and efficient numerical solution schemes. (It is worthwhile mentioning here
that there is another image segmentation technique very similar to the level set meth-
od called fuzzy connectedness; for a tutorial on this topic see [27].)

It has been shown [3,5,6,28,29,19] that the geometric active contours are minimiz-
ers of some energy functionals which control the smoothness of the contours and at-
tract the contours toward the objects in the image. More generally, if the
minimization of the energy functional is based on a geodesic computation in a Rie-
mannian space, according to a metric induced by the given image, the corresponding
geometric active contours are also called geodesic active contours [5,3]. Taking into
account the apparent similarity between parametric and geometric active contours,
Xu et al. [30,31] found a mathematical relationship between these two active contour
formulations. This relationship helps, for example, in improving the robustness of a
geometric active contour during the segmentation process both to noise and to weak



C.S. Drapaca et al. / Computer Vision and Image Understanding 100 (2005) 312–329 315
edges. The so-called leaking problem, which results from weak edges, is solved by
introducing region-based forces in the evolution equation of a geometric active
contour.

To segment images using active contour models, we need to prescribe an initial
contour and an energy functional. However, one of the fundamental issues is the
selection of a suitable energy functional whose minima will stop the given contour
on the underlying anatomical boundary of interest. Usually, an edge-detector func-
tion, depending on the gradient of the image, is implemented inside the energy func-
tional and it should work as a stopping criteria. The most used edge-detector
function is a positive and decreasing function of the gradient of the image which
is zero at the boundaries. A Gaussian filter is applied to the image to enhance its
boundaries and hence make the image gradients stronger. Because the discrete gra-
dients are bounded, the edge-detector (or stopping) function is never zero on the edg-
es and hence the contour may pass through the boundary. One way to deal with
weak edges is, as we mentioned before, to add region-based forces into the energy
functional [30,31,8]. Also, in the classical level set theory, the initial contour must
be either totally outside or inside of the object to be segmented because the method
allows only one-way contour evolutions: shrinking or growing of the initial contour
[23,16]. This may cause the non-detection of several objects and holes. Thus, the
energy functional has to be again modified in such a way that it allows for arbitrary
initial contour positions [2,1,10].

Recently, Chan and Vese proposed the so-called geometric active contours without

edges whose energy functional is based on the Mumford and Shah model [6,28,29].
To stop the evolving hyper-surface on the boundaries of interest, this model uses re-
gion-based information provided by the image rather than the gradient of the image.
Thus, not only does this model have all the attractive features of the geometric active
contours mentioned before but also it is more robust in the presence of noise and
weak edges. The model can detect objects both with and without gradient, with weak
edges, discontinuous boundaries or with holes. In addition, the initial moving inter-
face can be anywhere in the image. All these advantages make this model particularly
suited to our segmentation problem and, therefore, we decided to implement a 4D
adaptation of the method that Chan and Vese explored in two dimensions. As it
was shown in [28], by using at least two level set functions to represent the evolving
interface instead of just one, not only does the algorithm become faster, but also any
existing triple junctions (junctions between three tissue classes, such as white matter,
gray matter, and cerebrospinal fluid) in the image can be correctly detected. Howev-
er, due to lack of uniqueness among minimizers, the method becomes more sensitive
to the initial contour position on more complicated images.

For simplicity, we considered the case of a piecewise-constant approximation of
the image function in this multi-phase level set framework. This method accepts a
set of globally rigidly aligned volumetric images and extracts a set of closed con-
tours corresponding to evolving boundaries with consistent contrast over time
within the image sequence. The algorithm requires an initial boundary and one
global parameter which has a scaling role determining the overall size of objects
to be extracted.
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We first extended the multi-phase model of Chan and Vese to the 4D case which
can be applied only to 4D data in which there is no intensity change from one time
point to the next. To apply this 4D algorithm to a sequence of high resolution time
series T1 weighted MR images, we had to modify the model such that it will take into
account the intensity changes in the temporal sequence and the smoothness differenc-
es between the three spatial domain and the temporal one. We have explored the use
of this modified algorithm to extract ventricular surfaces from the temporal se-
quence. Experiments were conducted to examine final contour and convergence
characteristics of the algorithm to different starting conditions and parameter values.
From our knowledge, this is the first time that this segmentation technique has been
used to extract objects from time sequences of real image data. The results obtained
provide visually accurate ventricular boundaries.

The present paper was structured as follows. In Section 2 we give a brief presen-
tation of the extended multi-phase level set model to the 4D case and introduce a
novel adaptation of this model to time series MRI. The numerical algorithm we used
and our results follow in the next two sections. The paper ends with a section of con-
clusions and future work.
2. Method

In this section we give two modifications of the multi-phase level set model of
Chan and Vese [28]. One is the straightforward extension of the Chan and Vese
model to the 4D case to segment 3D image sequences with no intensity changes
in the temporal direction. The second adaptation is a 4D multi-phase model for
time series of images where tissue intensities change from one time point to
another.

2.1. Basic multi-phase level set method

In what follows we briefly present the extension of the 4-phase piecewise constant
active contour model without edges [28] to the 4D case. With this method we can
represent four segments or classes with complex topologies (such as triple junctions)
in an efficient way using only two level set functions and there is no vacuum or over-
lap among the phases.

Let X � R4 be a bounded open set with oX its boundary and u0 : �X ! R be a given
image. Let C (s) be a closed moving interface in R4 of co-dimension 1 [23,20]. We
consider that, at any time s, the interface C is described implicitly by the union of
the zero level sets of two higher-dimensional functions (level set functions) /a:
X · R+ fi R, a = 1, 2

CðsÞ ¼ ~v 2 X j/1ð~v; sÞ ¼ 0f g [ ~v 2 X j/2ð~v; sÞ ¼ 0f g;
where we denoted by~v ¼ ðx; y; z; tÞ.

Typically, the level set functions /a are chosen to be signed Euclidean distances to
the interface C (s) as shown in Fig. 2. LetH (/a) be the Heaviside function defined by:
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H (/a) = 1 if /a P 0, andH (/a) = 0 if /a < 0. Each class or phase is formed by those
points~v 2 X having the same value H (/a), a = 1, 2. This definition of the phases in-
sures that each point of X belongs to one and only one class and hence there is no
vacuum or overlap among the phases.

If we assume that the image intensity does not change from one time point to
another then we can approximate the image function u with a piecewise-constant
function:

u ¼ c11Hð/1ÞHð/2Þ þ c10Hð/1Þð1� Hð/2ÞÞ
þ c01ð1� Hð/1ÞÞHð/2Þ þ c00ð1� Hð/1ÞÞð1� Hð/2ÞÞ; ð1Þ

where c11, c01, c10, and c00 are positive constants. In this case the Mumford and
Shah-like functional whose minimum will give us the segmentation of the image in
four classes is:

Fðc11; c01; c10; c00;/1;/2Þ ¼
Z
X
ðu0 � c11Þ2Hð/1ÞHð/2Þ d~v

þ
Z
X
ðu0 � c10Þ2Hð/1Þð1� Hð/2ÞÞ d~v

þ
Z
X
ðu0 � c01Þ2ð1� Hð/1ÞÞHð/2Þ d~v

þ
Z
X
ðu0 � c00Þ2ð1� Hð/1ÞÞð1� Hð/2ÞÞ d~v

þ m
Z
X

jrHð/1Þj þ jrHð/2Þjð Þ d~v; ð2Þ

where m < 0 is a scale parameter which has to be given. We denoted by
d~v ¼ dx dy dz dt.

Minimizing (2) with respect to c11, c01, c10, c00, /1, and /2 yields the follow-
ing Euler–Lagrange equations evolving /1 and /2 embedded in a dynamic
scheme:
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o/1

os
¼ dð/1Þ m div

r/1

jr/1j

� �
� ð u0 � c11ð Þ2 � u0 � c01ð Þ2ÞHð/2Þ
h�

þð u0 � c10ð Þ2 � u0 � c00ð Þ2
�
ð1� Hð/2ÞÞ

i�
;

o/2

os
¼ dð/2Þ m div

r/2

jr/2j

� �
� ð u0 � c11ð Þ2 � u0 � c10ð Þ2ÞHð/1Þ
h�

þð u0 � c01ð Þ2 � u0 � c00ð Þ2Þð1� Hð/1ÞÞ
i�

ð3Þ

where d (/a), a = 1, 2 is the Dirac distribution and

c11 ¼
R
X u0Hð/1ÞHð/2Þ d~vR
X Hð/1ÞHð/2Þ d~v

; c10 ¼
R
X u0Hð/1Þð1� Hð/2ÞÞ d~vR
X Hð/1Þð1� Hð/2ÞÞ d~v

;

c01 ¼
R
X u0ð1� Hð/1ÞÞHð/2Þ d~vR
Xð1� Hð/1ÞÞHð/2Þ d~v

; c00 ¼
R
X u0ð1� Hð/1ÞÞð1� Hð/2ÞÞ d~vR
Xð1� Hð/1ÞÞð1� Hð/2ÞÞ d~v

ð4Þ
are the means of u0 corresponding to the four phases.

Eq. (3) are governed by both mean curvature and jump of the data energy terms
across the boundary. Suitable initial conditions /a (x, y, z, t, 0), a = 1, 2 are required
to solve these equations.

2.2. Adaptation to time series MRI

A 4DMRI sequence is a combination of multiple 3D independent structural MRI
data sets acquired at different time points. As a result there are two important differ-
ences between a MRI temporal sequence and an ideal 4D image. First, in this image
the intensity of a given tissue will vary from one time point to the next. This will oc-
cur globally because of scanner setup differences and locally because of changes in
tissue integrity as lesions evolve over time as shown in Fig. 1. Second, the complex-
ities of an anatomical boundary in spatial and temporal directions are not physically
comparable; therefore, for example, a cortical surface may be highly curved in the
three spatial domain, but gently curved in the temporal domain where the brain is
changing little between time points (as is the case with many serial imaging studies).
We have therefore developed two modifications to the above presented model. One
deals with the intensity changes. The other modification is in the definition of the
gradient operator in space and time.

2.2.1. Intensity model

As we mentioned before, relation (1) does not take into account the intensity
changes in the temporal direction and, therefore, is not suited for the segmentation
of a 4D MRI sequence. To solve this problem without loosing the simplicity of the
previous model, we assume now that, at each time point, the image u is a piecewise-
constant function of form (1). Thus,
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u ¼ c11ðtÞHð/1ÞHð/2Þ þ c10ðtÞHð/1Þð1� Hð/2ÞÞ þ c01ðtÞð1� Hð/1ÞÞ
� Hð/2Þ þ c00ðtÞð1� Hð/1ÞÞð1� Hð/2ÞÞ;

where

cabðtÞ ¼ c0ab þ
XL
l¼1

ðclab � cl�1
ab ÞHðt � lÞ; a; b 2 f0; 1g ð5Þ

with clab; a; b 2 f0; 1g; l ¼ 0; L positive constants and L the total number of time
points. The expression of the energy functional and the Euler–Lagrange equations
are still given by (2) and, respectively (3), where the positive constants are replaced
with expressions (5). In this case the positive constants clab; a; b 2 f0; 1g; l ¼ 0; L are
given by:

cl11 ¼
R
X u0ðHðt � lÞ � Hðt � ðlþ 1ÞÞÞHð/1ÞHð/2Þ d~vR
XðHðt � lÞ � Hðt � ðlþ 1ÞÞÞHð/1ÞHð/2Þ d~v

;

cl10 ¼
R
X u0ðHðt � lÞ � Hðt � ðlþ 1ÞÞÞHð/1Þð1� Hð/2ÞÞ d~vR
XðHðt � lÞ � Hðt � ðlþ 1ÞÞÞHð/1Þð1� Hð/2ÞÞ d~v

;

cl01 ¼
R
X u0ðHðt � lÞ � Hðt � ðlþ 1ÞÞÞð1� Hð/1ÞÞHð/2Þ d~vR
XðHðt � lÞ � Hðt � ðlþ 1ÞÞÞð1� Hð/1ÞÞHð/2Þ d~v

;

cl00 ¼
R
X u0ðHðt � lÞ � Hðt � ðlþ 1ÞÞÞð1� Hð/1ÞÞð1� Hð/2ÞÞ d~vR
XðHðt � lÞ � Hðt � ðlþ 1ÞÞÞð1� Hð/1ÞÞð1� Hð/2ÞÞ d~v

;

ð6Þ

and are the means of u0 corresponding to the four phases at each time step l.

2.2.2. Smoothness model

In terms of the 4D structure present in an MRI sequence, the spatial and tem-
poral dimensions cannot be directly equated. Specifically, we know that, with re-
spect to the sampling units in each dimension, the anatomical boundaries are
much more highly curved in the three spatial dimensions, than in the temporal
dimension between time frames. In other words, we know that the changes be-
tween time points are small. We can use this in the algorithm directly to assist
tracking the evolution of a boundary in the temporal dimension as tissue intensi-
ties change. In essence, we wish the spatial partitioning in a given frame to be
constrained by the partitioning of neighboring boundaries in time. This is
achieved within the surface evolution framework by imposing constraints on the
curvature of the surface, i.e., by introducing weights into the definition of the gra-
dient operator, such that

r/a ¼ wx
o/a

ox
;wy

o/a

oy
;wz

o/a

oz
;wt

o/a

ot

� �
; a ¼ 1; 2; ð7Þ

where the weights wx, wy, wz, and wt are positive parameters which need to be de-
fined. These allow us to control the smoothness of the boundary in each direction.
For example, a larger value for wt relative to wx, wy, and wz means that the boundary
is forced to be smoother in time than space relative to the image sampling intervals in
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each direction. This means that, at a given time point, the boundary location is deter-
mined by the image structure at that time point, together with that in its neighbors in
time. This provides an important geometrical prior to address the uncertainty which
can arise in the evolution of diffuse lesion boundaries. In practice we know the rel-
ative size of the three spatial weights wx, wy, and wz, derived from the known voxel
dimensions of the MRI data. The main parameter to be defined is the relative size of
weight wt with respect to the spatial weights.

2.3. Numerical algorithm

As in [6,28,29], we approximate the Heaviside function H and the Dirac distribu-
tion d by:

H �ð/að~v; sÞÞ ¼
1

2
1þ 2

p
arctan

/að~v; sÞ
�

� �� �
;

d�ð/að~v; sÞÞ ¼
1

p
�

�2 þ ð/að~v; sÞÞ
2
; a ¼ 1; 2

with � a positive small parameter.
These approximations and regularizations H� and d� converge to the real H and d

as �fi 0. It is believed that usingH� and d� helps in computing a global minimizer [6].
We have to keep in mind though that, because the Mumford and Shah energy func-
tional is non-convex and because we use the gradient descent method to solve the
Euler–Lagrange equations, this model can find only local minimizers. Therefore,
we can only hope to find the best possible local minimizer.

Let Dx, Dy, and Dz be the space steps, Dt be the time step and Ds be the evolution
time step of the level set functions. We denote by xi ¼ iDx; i ¼ 0; I ; yj ¼jDy;
j ¼ 0; J ; zk ¼ kDz; k ¼ 0;K; tl ¼ lDt; l ¼ 0; L; /n

aijkl
¼ /aðxi; yj; zk; tl; snÞ; a ¼ 1; 2,

and u0ijkl ¼ u0ðxi; yj; zk; tlÞ.
The algorithm steps are as follows [28]:

(1) Initialize /a (x, y, z, t, 0), a = 1, 2 for n = 0.
(2) Compute the means cn11, c

n
10, c

n
01, c

n
00 using formulas (4) or (6).

(3) Solve the discrete Eq. (3) (with cn11, c
n
10, c

n
01, c

n
00 given by (4) or (5) and (6) using a

semi-implicit finite difference scheme and get /nþ1
1ijkl

, /nþ1
2ijkl

. The gradient operator
is given by (7). The numerical scheme looks as follows. Let Dx = Dx/wx,
Dy = Dy/wy, Dz = Dz/wz, and Dt = Dt/wt. We denote by:

Aa1 ¼
/n

aiþ1;jkl
� /n

aijkl

Dx

 !2

þ
/n

ai;jþ1;kl
� /n

ai;j�1;kl

2Dy

 !2
2
4

þ
/n

aij;kþ1;l
� /n

aij;k�1;l

2Dz

 !2

þ
/n

aijk;lþ1
� /n

aijk;l�1

2Dt

 !2
3
5

�1
2

;
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Aa2 ¼
/n

aijkl
� /n

ai�1;jkl

Dx

 !2

þ
/n

ai�1;jþ1;kl
� /n

ai�1;j�1;kl

2Dy

 !2
2
4

þ
/n

ai�1;j;kþ1;l
� /n

ai�1;j;k�1;l

2Dz

 !2

þ
/n

ai�1;jk;lþ1
� /n

ai�1;jk;l�1

2Dt

 !2
3
5

�1
2

;

Aa3 ¼
/n

aiþ1;jkl
� /n

ai�1;jkl

2Dx

 !2

þ
/n

ai;jþ1;kl
� /n

aijkl

Dy

 !2
2
4

þ
/n

aij;kþ1;l
� /n

aij;k�1;l

2Dz

 !2

þ
/n

aijk;lþ1
� /n

aijk;l�1

2Dt

 !2
3
5

�1
2

;

Aa4 ¼
/n

aiþ1;j�1;kl
� /n

ai�1;j�1;kl

2Dx

 !2

þ
/n

aijkl
� /n

ai;j�1;kl

Dy

 !2
2
4

þ
/n

ai;j�1;kþ1;l
� /n

ai;j�1;k�1;l

2Dz

 !2

þ
/n

ai;j�1;k;lþ1
� /n

ai;j�1;k;l�1

2Dt

 !2
3
5

�1
2

;

Aa5 ¼
/n

aiþ1;jkl
� /n

ai�1;jkl

2Dx

 !2

þ
/n

ai;jþ1;kl
� /n

ai;j�1;kl

2Dy

 !2
2
4

þ
/n

aij;kþ1;l
� /n

aijkl

Dz

 !2

þ
/n

aijk;lþ1
� /n

aijk;l�1

2Dt

 !2
3
5

�1
2

;

Aa6 ¼
/n

aiþ1;j;k�1;l
� /n

ai�1;j;k�1;l

2Dx

 !2

þ
/n

ai;jþ1;k�1;l
� /n

ai;j�1;k�1;l

2Dy

 !2
2
4

þ
/n

aijkl
� /n

aij;k�1;l

Dz

 !2

þ
/n

aij;k�1;lþ1
� /n

aij;k�1;l�1

2Dt

 !2
3
5

�1
2

;

Aa7 ¼
/n

aiþ1;jkl
� /n

ai�1;jkl

2Dx

 !2

þ
/n

ai;jþ1;kl
� /n

ai;j�1;kl

2Dy

 !2
2
4

þ
/n

aij;kþ1;l
� /n

aij;k�1;l

2Dz

 !2

þ
/n

aijk;lþ1
� /n

aijkl

Dt

 !2
3
5

�1
2

;
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Aa8 ¼
/n

aiþ1;jk;l�1
� /n

ai�1;jk;l�1

2Dx

 !2

þ
/n

ai;jþ1;k;l�1
� /n

ai;j�1;k;l�1

2Dy

 !2
2
4

þ
/n

aij;kþ1;l�1
� /n

aij;k�1;l�1

2Dz

 !2

þ
/n

aijkl
� /n

aijk;l�1

Dt

 !2
3
5

�1
2

;

Aa ¼ 1þ mDsd� /n
aijkl

� � 1

Dx2
Aa1 þ Aa2ð Þ þ 1

Dy2
Aa3 þ Aa4

� �	

þ 1

Dz2
Aa5 þ Aa6

� �
þ 1

Dt2
Aa7 þ Aa8

� �

; a ¼ 1; 2.

Then:

/nþ1
aijkl

¼ 1

Aa
mDsd� /n

aijkl

� �n

� 1

Dx2
Aa1/

n
aiþ1;jkl

þ Aa2/
n
ai�1;jkl

� �
þ 1

Dy2
Aa3/

n
ai;jþ1;kl

þ Aa4/
n
ai;j�1;kl

� �	

þ 1

Dz2
Aa5/

n
aij;kþ1;l

þ Aa6/
n
aij;k�1;l

� �
þ 1

Dt2
Aa7/

n
aijk;lþ1

þ Aa8/
n
aijk;l�1

� �


� ðu0ijkl � cn11Þ
2 � ðu0ijkl � cn10Þ

2
� �

H /n
bijkl

� �
þ ðu0ijkl � cn01Þ

2
�h

�ðu0ijkl � cn00Þ
2
�

1�H /n
bijkl

� �� �i
þ /n

aijkl

o
;

a; b ¼ 1; 2; a 6¼ b; i ¼ 0; I ; j ¼ 0; J ; k ¼ 0;K; l ¼ 0; L
with the following boundary conditions:

/n
a�1;jkl

¼ /n
a0jkl

;/n
ai;�1;kl

¼ /n
ai0kl

;/n
aij;�1;l

¼ /n
aij0l

;

/n
aijk;�1

¼ /n
aijk0

;/n
aIþ1;jkl

¼ /n
aIjkl

;/n
ai;Jþ1;kl

¼ /n
aiJkl

;

/n
aij;Kþ1;l

¼ /n
aijKl

;/n
aijk;Lþ1

¼ /n
aijkL

; a ¼ 1; 2.

(4) Check if the difference between the energy functional (2) (with cn11, c
n
10, c

n
01, c

n
00

given by (4) or (5) and (6) evaluated at n and the energy functional evaluated at
n � 1, normalized by the energy evaluated at n � 1, is less than a given small
threshold h. If yes, then the steady state solution was found and we stop. If
not, n = n + 1 and we go back to step 1.

Thevalues of m,wx,wy,wz, andwtare theonlyparameters tobe specified in themodel.
3. Results

3.1. Test data

We tested the proposed method on two types of 4D images: one containing syn-
thetic data and the other one made of real data. The synthetic image was an image



Fig. 3. Three orthogonal cuts (left to right) through the synthetic image volume at the first time point:
original image (A), final segmentation (B).
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sequence of 32 time points constructed by taking an analytic model of a pair of nest-
ed spheres and applying a random free form (B-Spline) deformation velocity field.
This created a sequence of smoothly varying 3D structures that were then fed into
a simple imaging model which simulated the effects of independent Gaussian noise
and point spread function to create image volumes with noise and resolution com-
parable to an MRI sequence. At each time point the image has 32 · 32 · 32 voxels
with resolution 1 · 1 · 1 mm as shown in Fig. 3A.

The second set of data we analyzed comes from a sequence of high resolution T1-
weighted MR images of a subject with Alzheimer�s disease acquired at intervals of
approximately 1 year. The first MRI scan was used as a reference and each of the
remaining MRI�s was rigidly aligned to that using a multi-resolution maximization
of normalized mutual information [24]. The rigidly aligned MRI volumes, each hav-
ing 145 · 156 · 108 voxels with resolution 0.9765 · 0.9765 · 1.4085 mm were then
composed into a single 4D data set for analysis. In MRI data such as this the inten-
sity of the same tissue type varies from one time point to the next due to differences
in the scanner configuration and also localized changes in the tissue integrity between
time points.

3.2. Experimental results

Using both synthetic and serial MR images, experimental evaluation indicated
suitable common algorithm parameters as follows. The evolution time step
Ds = 0.001, the Heaviside and Dirac parameter � = 1, the scale parameter m = 80.
The weights determining the relative smoothness in each axis were selected by exper-
imentation to be wx = wy = wz = 1, and wt = 8. Due to inherent differences between
the size and resolution of the synthetic and real data, we used two different stopping
thresholds: h = 0.005 for the synthetic data and h = 0.001 for the 4D MRI sequence.
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3.2.1. Synthetic data

The initial level set hyper-surfaces are two 4D cylinders of arbitrary positions such
that one is inside the other and the inner cylinder is much smaller than the outer one.
The results obtained using the above mentioned set of parameters are shown in Figs.
3 and 4. A rendering of the evolution of the synthetic data in 3D is shown in Fig. 5.

3.2.2. Serial MRI data

For this image we used again two 4D cylinders as initial level set hyper-surfaces.
Our primary aim was to identify the CSF-tissue boundary of the ventricular system,
but we evolved the level sets to partition the entire head. Taking into account the
specific geometry of the brain, the two hyper-surfaces were both centered in the mid-
dle of the image such that one of the two interfaces is much smaller and entirely con-
tained inside the other.

The results for the first and last time points are shown in Figs. 6 and 7. As we can
see from the last rows of Figs. 6 and 7, which shows the contours of the segmented
ventricles over the initial image, our model provides visually accurate ventricular
boundaries, correctly separating the diffuse lesion around the ventricles from CSF
(Fig. 7), together with many of the the white and gray matter boundaries in the cortex.
Fig. 4. Three orthogonal cuts (left to right) through the synthetic image volume at the last time point:
original image (A), final segmentation (B).

Fig. 5. Evolution of the 3D surfaces for the synthetic image volume at the last time point, showing first
(left) to fifth (right) iteration from initial spheres. (The two separate surfaces are shown in different colors.)



Fig. 6. Trans-axial (left), sagittal (middle), and coronal (right) slices through the: raw time point 1 image
(first row), intermediate segmentation results and the final segmented CSF region (second to sixth row),
tissue-CSF contour over the time point 1 image (last row).
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Fig. 7. Trans-axial (left), sagittal (middle), and coronal (right) slices through the: raw time point four
image (A), final segmented CSF region (B), tissue-CSF contour over the time point four image (C).
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Finally, Fig. 8 shows a comparison between our modified multi-phase level set model
and the original multi-phase model (left column) and the effect of choosing the
smoothness weights correctly to force constancy across time points (right column).
4. Conclusion and further work

In this paper, we propose two modifications to the multi-phase level set model for
Mumford–Shah image segmentation. The first is an extension to the 4D case of the
4-phase piecewise constant active contour model without edges, introduced by Chan
and Vese in [6,28] and used so far only in one, two or three dimensions. The advan-
tage of this method is that the phases cannot produce vacuum or overlap, by con-
struction. Also, the two level set functions can detect objects both with and
without gradient, with weak edges, discontinuous boundaries or with holes and even
with quite complex topologies like, for example, with triple junctions.

The second modification is the extension of this 4D multi-phase model to handle
4D images whose intensity changes in the temporal domain, by driving the boundary
evolution from regional boundary information derived separately from each time
step. In our model we have also made use of the known slow evolution of neurode-
generative conditions to introduce a greater smoothness penalty in the temporal
direction, which provides robustness to low contrast tissue boundaries that occur
due to the presence of white matter lesions.



Fig. 8. Overlay of tissue-CSF contour onto trans-axial MRI slices showing the effects of the two proposed
modifications to the multi-phase level set model (left column) and the effect of different temporal-spatial
smoothness constraints (right column). In the left column we show results using our modified model (A)
and the original, 4D multi-phase level set model (B). Note that the original formulation undersegments the
CSF region of the ventricles at this time point, whereas our proposed model extracts a much more accurate
tissue-CSF boundary. In the right column we show results using our modified model with equal spatial-
temporal weights (B) and with wt = 8 (A). Note particularly the errors in the contour location both in the
mid-line and the left ventricular contour.

C.S. Drapaca et al. / Computer Vision and Image Understanding 100 (2005) 312–329 327
Because of the local character of this method, the initialization of the level set
functions plays an important role in the correct segmentation of an image. Because
the energy functional (2) is not convex, its local minimizer is not unique and there-
fore the numerical results can be sensitive to the initial positions of the two level set
functions. Thus, it might happen that, for a given initialization, the algorithm may
not converge to a global minimum. It is worthwhile to notice though that, even if
the evolving hyper-surfaces are trapped at local minima, the reconstruction of the
image may still be accurate.

Therefore, an investigation into making this model less sensitive to the initial posi-
tions of the two interfaces is worthwhile for the future. Also, further work is under-
way to evaluate the algorithm using a larger set of real image data with independent
ground truth segmentations together with synthetic MR data.
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