ISSN 1009 - 3095 Journal of Zhejiang University SCIENCE V.4,No.3, P.294 - 299, May — June, 2003

294 http: //www. zju. edu. cn/jzus:

http: //www . periodicals. com. cns

jzus@zju.edu.cn

A new algorithm of brain volume contours segmentation

WU Jian-mingC & WD, SHI Peng-fei M €
( Institute of Image Processing and Pattern Recognition, Shanghai Jiaotong University Shanghai 200030, China)

"E-mail: wjm010@ sjtu. edu.cn
Received July 6, 2002; revision accepted Sept. 29, 2002

Abstract:

This paper explores brain CT slices segmentation technique and some related problems, including

contours segmentation algorithms, edge detector; algorithm evaluation and experimental results. This article

describes a method for contour-based segmentation of anatomical structures in 3D medical data sets. With this

method, the user manually traces one or more 2D contours of an anatomical structure of interest on parallel

planes arbitrarily cuiting the data set. The experimental results showes the segmentation based on 3D brain

volume and 2D CT slices. The main creative contributions in this paper are: (1) contours segmentation algo-

rithm; (2D edge detectors (3D algorithm evaluation.
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INTRODUCTION

Segmentation, a central issue of computer vi-
sion, is a fundamental processing step in most
systems that support medical diagnosis or plan-
ning of surgical operations and radiation treat-
ments ( Wyatt et al., 2000; Winterer et al .-
2002; Bao et al., 1998).

Contour-based segmentation ( Marcondes et
al.> 1999; Masato et al., 1996; Luca Foresti
et al.» 1998) methods are generally computa-
tionally efficient, but when applied to real im-
ages, are often not robust and quite sensitive to
noise and data variability. The reliability of such
methods can be improved using techniques for
segmentation and data representation based on
data-driven elastic models; such as snakes and
deformable surface models, which have been ap-
plied successfully also in the field of medical
imaging .

In this paper> we introduce a 3D generaliza-
tion of the approach for segmenting 3D object
boundary ( Shen et al., 2001; Ge et al.,
2001 which further reduces the time spent by
the user in segmentation. In a 2D slice, for two
specified points (pixel vertices) on the boundary
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of the objects the best boundary segmentation is
the minimum-cost path between the two points,
described as a set of oriented pixel edges. A
complete 2D boundary is identified as a set of
consecutive boundary segmentations forming a
“closed”, “connected” contour. In the strategy
1990; Feng,

users first specify contours on a few

of the 3D extension ( Flyun,
2002),
slices that are orthogonal to the natural slices of
the original scene. If these slices are selected
strategically, then we have a sufficient number of
points on the 3D boundary of the object to subse-
quently trace optimum boundary segments auto-
matically in all natural slices of the 3D scene. A
3D boundary may define multiple 2D boundaries
per slice.

To segment a slice; we apply the edge detec-
tor CPoli et al.> 1992) to the image. The edge
detector is based on a one-dimensional second-
order polynomial filter.

This paper explores brain image segmentation
technique and some related problems; including
contours segmentation algorithms, edge detector,
algorithm evaluation and experimental results.
The main creative contributions in this paper
are: (1) contours segmentation algorithm; (2)
edge detector; (3) algorithm evaluation.
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GENERAL THEORY OF IMAGE SEGMENTA-
TION

Image segmentation divides an image into
several parts according to unanimous theory so
that every part of the image meels the unanimous
theory> but the combination of every two adja-
cent parts of the image do not meet the unani-
mous theory. If / represenis an image> P repre-
sents the logical properties in the combination of
adjacent parts of the image. Divide an image [

into /N disconnecting parts: Ry» R,»..., Ry
which meet the following condition:

¥
I = Ul R, 1

(2
(3

PCR) = TRUE

P( RLLJR/>:FALSE fOI‘ L;é]’ Ri near R]
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Segmentation is the process of classifying a
given pixel as the background or the structure of
interest. There are a large number of classifica-
tion methods ranging from simple pixel classifica-
tion based on intensity to region based tech-
niques. Once classified, each region must be la-
beled with a unique number to allow interaction
with individual structures. In order to take ad-
vantage of the regularity of the data, we devised
the following sequence of steps to perform classi-
fication and labeling:

1. Detection and numbering local maxima

2. Boundary formation

3. Three dimensional connected component
analysis

Step 1 and Step 2 are performed on individu-
al two dimensional sections of the three dimen-
sional image. Step 3 uses boundary data on all
sections.

Local maxima detection is performed to de-
termine the center of each replication site. A hill
climbing algorithm is applied to equally distribut-
ed set of points which would find the local inten-
sity maxima in the neighborhood of each point.
By selecting every third pixel as a starting point,
the algorithm is assured of finding all significant
intensity maxima. A useful byproduct of this al-
gorithm is that the peaks are labeled.

During the boundary formation steps each lo-
cal maxima is taken as the center of the particle
and intensity cross sections are obtained in sever-
al radial directions. For each radial, the bound-
ary is taken as the point with the highest intensity
gradient. The set of vertices obtained by this
method is processed to give an 8-connected set of
boundary points .

The final task of the segmentation process is
to form three dimensional objects from individual
contours for each section of the 3D image. A u-
nique label for each contour is generated by tak-
ing the section number as the two MSB’ s and the
contour number within the section as the two
LSB’ s of a 32 bit number. During the first pass,
labels of each contour in one section are propa-
gated to all overlapping contours of the next sec-
tion . If a contour inherits two or more labels from
the previous section, the lesser of them is as-
signed to it and an equivalence relation is record-
ed among all the competing labels. During the
second pass> each label is examined for any e-
quivalent labels if one exists. During this pro-
cesss various statistics gathered for each section
are accumulated for each object.

CONTOURS SEGMENTATION ALGORITHM

We think of a 3D scene in a Cartesian coor-
{C] H

s C,} of m consecutive and parallel 2D

dinate system Cx, y, z ) as a set c'm =
C,» =
scenes C; in the xy-plane, called natural slices,
for each fixed z coordinate. Given a natural slice

Cr lsism, of C'"™, the boundary of the 3D
object in C; may be represented by a set of 2D
boundaries.

In each natural slice; the 3D object may be
represented by multiple connected 2D bound-
aries. To trace these 2D boundaries using the
points which fall in a given natural slice, we
should be able to identify the set of points that
belong to each connected 2D boundary in this
natural slice.

Suppose there are six objects Ops Oy Oss
0,» 0,5 05'in a scene domain, By, B;» B,
B;» B,s Bs are boundaries, as in Fig.1, where
in a binary scene representation is given. The
boundary By of the scene domain is considered to
be an internal boundary and forms the root of the
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containment tree. It contains immediately inside
two other boundaries B; and B,, both of which
are external boundaries. This is indicated by two
arcs connecting B; and B; to Bg. B; does not con-
tain any boundaries and hence is a leaf node. B,
contains B; and B,(both internal boundaries) and
B, contains Bs(Cexternal boundary) . Note that the
levels in the tree alternate between internal and
external. A node corresponding to an external
boundary together with its children constitutes an

object. For examples B, with B; and B, consti-
tutes O,. Analogously, a node corresponding to
an internal boundary together with its children
constitutes a background component. The pur-
pose of all this description is to point out that a
boundary can be identified with a unique compo-
nent; each external boundary with an object
component and each internal boundary with a
background component, following a bottom up
order in the containment tree .

(b

Fig.1 A binary scene representation of contour segmentation

Ca) 050,505 and its containment tree; (b) By, -*-

We divide €™ into contiguous slabs of con-
stant object topology with the user’ s help, and
within each slab, identify all boundaries of the
3D object O. A slab [ of constant object topolo-
gy Cor slab for short ) is a set of consecutive nat-
ural slices C; and C;,;in [ if all of the following
conditions are satisfied : (1) the number of 2D
connected components of O is the same ; (2)
each 2D component of O in C; is adjacent to ex-
actly one 2D component of O in C;,;. Our ap-
proach will be to take the user’s help in identify-
ing slabs in C‘™ and, for each slab, in selecting
a structure/co-structure for uniquely indicating a
boundary to be created .

The complete segmentation process consists
(1) slab definition ; (2D

structure/ co-structure selection ;

of five main steps :
(3) selection
of orthogonal slices ; (4) ordering of points ;
(5) boundary detection.

In Step (1), given a 3D scene C™ and a
3D object of interest in C ‘), the user initially
recognizes all structures of the 3D object by ob-

serving all natural slices of C ‘") in a montage

» Bs are the boundarites

display and then specifies the first natural slice of
each slab. The slabs are contiguous so the first
natural slice of a current slab determines the last
natural slice of the previous slab determines the
last natural slice of the previous slab, and €’
is the last natural slice of the last slab by de-
fault.

In Step (2D, to select a structure/co-struc-
ture S in a given slab /> the user chooses any
natural slice of / and specifies a point ¢ in the
interior of S in this natural slice. The point ¢
should be chosen such that the intersection be-
tween an axis Z,, which is parallel to the z axis
and which goes through ¢> and any other natural
slice in / is a point in the interior of S.

EDGE DETECTOR

The edge detector is based on a one-dimen-
As the

shape modifications of anatomical structures (J,

sional second-order polynomial filter.

(k =0 for the section on which the seed contour
By is traced, k <1 for the following sections)
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are roughly smooth scale changes, the filters are
applied to a set of limited-length scan lines on
slice ;. The scan lines are derived from the
H,_| points P, ;,_y» h =1, H,_; belonging to
the contour B, _;, extracted or traced on slice
Q)_1» as follows (see Fig.2):

(1) For each point Py, ;_;> calculate the u-
nit vector orthogonal to B, _; in the point consid-
ered.

(2 Along the direction of such a vector, re-
sample the input image on a S, -sample long scan
Iine I, _, centered around P, ;_;.

Using this strategy. the filter is applied only
to a neighborhood of the contour extracted on the
last-processed slice. This prevents detection of
edges similar to the ones belonging to the
anatomical structures to be segmented that are far
from the region of interest and possibly belong to
other structures.

The detector is based on a one-dimensional
polynomial filter cascaded with a thresholding
stage. The filter operates on N, samples of a
scan line that are located in the neighborhood of
the sample x; for which the filter output oCx;) is

computed. It has the following structure:

N 1

'

Z Z] C"_,',l *

N
N

olx;) = ¢o + LC’,‘ * Xi_g4 +
j=1 / (=1 j=1

(5

Xi-d ° Xi-d,
where ¢ ¢'js " (s L =15 N,» I = j) are
the filter coefficients and d;(j = 1, N, are the
offsets along the scan line, with respect to x;
(i=1,8,) of the N, samples. The edge points
extracted by the filter have the coordinates of
those samples x; for which the value of oCx;) is
greater than a threshold 7'. The output of the de-
tector OCx;) is therefore computed as follows:

1 ifolx)>T

0 otherwise

0<M>:{ (6)

In the tests performed, we used this edge-
detection strategy . In an alternative implementa-
tion> thresholding can also be performed accord-
ing to the following rule:

1 if Colx)—2Z)<0

0 otherwise

0<M>:{ <)

which implements a threshold-crossing detector,
with threshold 7 .

Tracing contours manually is the most accu-

rate method to produce segmentations of 3D

structures. Contour-tracking procedures have
been used with some success by constraining the
segmentation process with some regularizing as-
sumptions. This allows a contour, detected on
one section, to be used to seed the segmentation
of the same structure in a neighboring slice of the
sequence. The seed contour and the reference
contours are drawn (using special sectioning and
visualization tools ) on parallel sections, which

can arbitrarily cut the 3D data set.

Fig.2 Definition of the scan lines for the contour-
tracking procedure: for each point P, ,_, of the con-
tour B,_,, ascan line L, ,_, centered around P, ,_,;
is defined, with a length of S, samples, along the di-
rection of the unit vector orthogonal to B;_; in
Py i1

If other “ correct” contours, lying on sections
which are not parallel to the references, are
available, the contour points resulting from the
intersection between such contours and the slices
that still have to be segmented can be pre-set and
used to further constrain the elastic contour mod-

el.

ALGORITHM EVALUATION

In assessing the goodness of a segmentation
method, three factors (precision, accuracy and
efficiency ) need to be considered. (1) Precision
refers to the repeatability of the method and can
be measured by evaluating the variations in the
result of segmentation because of subjective oper-
ator input. (2) Accuracy refers to the degree of
agreement with truth. In practice, especially in
medical applications, true segmentation is almost
impossible to establish, as such various surro-
gates of truth are used. Usually, delineation by a
knowledgeable operator is used as such alterna-
tive one. (3D Efficiency refers to the practical
viability of the method (Table 1). This consists
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of two partss the computational time and the op-
erator time. Computational time independent of
operator involvement does not really matter so

quired per study, or alternatively the effective
number of slices that can be segmented per unit
times can be measured to express efficiency of

long as it is not prohibitive. Operator time re- the method.

Table 1 User’s time (min) for both operators and methods for segmenting 3D model
with different number of slices
Number of slices 35 42 46 52 58 61 67 73 81
The time of O; in 2D 6.3 6.9 7.1 7.5 8.3 8.5 8.9 9.1 10.2
The time of O, in 2D 7.1 7.3 7.9 8.2 8.6 9.3 9.9 10.9 11.3
The time of O, in 3D 3.3 3.6 3.8 3.8 3.9 3.7 3.8 3.4 3.6
The time of O, in 3D 3.5 3.6 4.0 3.7 3.8 3.6 35 3.9 41

ture image.

The features image extracted directly extract-
ed from slice are more accurate than that extract-
ed from 3D volume(Fig.3). It is obvious that
segmentation directly based on slice are better

EXPERIMENTAL RESULTS

We scanned and normalized the sequence of
CT slices. For comparison, we extracted 2D fea-

) than segmentation contours, details, and conti-
tures from the slice shown and clustered the fea-

nuity of issues based on 3D volume.

i ihi el

(d) (€}

Fig.3 The experimental results of CT slices segmentation and brain volume segmentation.
Ca) Original CT slice: (bh) Segmented CT slice: (¢) Opening and closing:
(d) Edge detector: (e) Brain segmentation
The segmentation algorithm has been applied jects, 50 subjects with temporal epilepsy, and 6
to 68 different 3D CT scans of 12 healthy sub- subjects with extra-temporal epilepsy. Fig. 3
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shows a typical result of the brain CT slices and
brain volume segmentation algorithm. The quali-
ty of the segmentation depends on the level of
noise and on the presence of artifacts in the orig-
inal image. In facts even with the preprocessing
operation, some important artifacts such as bright
dots; lines, or planes with spurious signal, may
not be completely removed and may defeat the
3D region growing technique. The brain segmen-
tation in which the segmentation results were not
validated correspond to 3 CT images that present
a plane with spurious signal or very bright dots.
The connected 3D region obtained in these cases
included a part of the skull around the artifact.

DISCUSSIONS

One possible initial disadvantage of the
method is the somewhat unfamiliar object cross-
section presented on arbitrarily oriented orthogo-
nal slices. In applications involving the process-
ing of a large number of similar data sets, some
time spent initially in understanding this issue
and in planning the selection of slabs and orthog-
onal slices, can significantly improve the effi-

ciency of the method.
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