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Abstract GeneraUv．the segmentation of a medical image is difficult，because the medical imag e is often corrupted by 

norrupted by noise，and the anatomical shape in the medical image is complicated．In this paper presents a new geometric 

active contour seheme for medical image segm entation．First．we regularize the attraction foree field in the geometric active 

contour model to extend the capture range of the object boundaries．and improve the ability of convergence to出e concavi· 
ties．Then。using a multi—scale scheme improve the boundary detection accuracy．In addition，combining the regularization 

an d the multi—scale method，the proposed scheme can effectively suppress and eliminate the noise and the spurious edges in 

the medical imag es． Furthermore，the topology of the deform ing curve can naturally chan ge without an d special topo lygy 

han ding procedures added to the scheme．Th is permits synchronously extracting several anatomical structures．Th e export— 

ments on some medical images obtained from different medical imaging methods demonstrate that the propo sed approach is 

competent for medical image segm entation． 
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一 种新的用于医学图像分割的几何活动轮廊模型 

岑 峰 戚飞虎 
(上海交通大学计算机科学与工程系，上海 ，200030) 

摘要 提 出一种新的几何活动轮廊模型对 医学图像进行分割．首先，我们对 几何活动轮廊模 型中吸引力场进行正 

则化 ，扩大 目标轮廊边缘对的轮廊 曲线的吸引力范围，增加轮廊曲线搜寻 凹轮廊的能力．然后，采用 多尺度模 型增 

加对边缘提取的精确度．将正则化方法与多尺度方法相结合，能够很好 的抑制医学图像 中的噪声和虚假边缘 的干 

扰．这一方法能够在不采用任何附加拓扑控制的情况下 自动控制轮廊 曲线 的拓扑结构 变化，同时提取 多个解剖结 

构．对来 自不同成像技术 的医学 图像的分割，结果表 明该方法是一种有效 的医学 图像分割方法． 

关键词 医学图像分割，几何活动轮廊 ，多尺度。Level Set理论． 

Introduction 

Computerized image segmentation has played an 

increasingly important role in medical image analysis
， 

and has widely used in surgical planning
，
navigation， 

simulation etc．Segmenting anatomical structure from 

medical images such as CT
， MR。PET etc．is difficuh 

due to the complexity and variability of the anatomic 

shape of interest and corraption of the image caused by 

noise and sampling artifacts． 

Active contou r【4]is a promising and vigorously re． 

searched boundary finding segmentation approach 
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This method has been widely used in medical image 

segm entation with promising result，since it offers ro． 

bustness to both image noise and boundary gaps
． How． 

ever，traditional active contour is difficult to adapt the 

model topology such as splitting or emerging without 

any additional topology-controlling scheme
．  

Geometric active contours moel
， introduced in『1． 

3]as a geometric alternative for traditional active con． 

tour or‘snake’to naturally handle the topological 

changes of the evolving contour
， extensively studied re． 

cently '。o l2]．This roode1 based on cunre evolution 

theory and level set method
， involves solving the ener- 
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A NEW GEOMETRIC ACTIVE CONTOUR FOR 
MEDICAL IMAGE SEGMENTATION* 

CEN Feng QI Fei-Hu 

(Department of Computer Science & Engineering, Shanghai Jiaotong University, Shanghai 200030, China) 

Abstract Generally, the segmentation of a medical image is difficult, because the medical image is often corrupted by 

norrupted by noise, and the anatomical shape in the medical image is complicated. In this paper presents a new geometric 

active contour scheme for medical image segmentation. First, we regularize the attraction force field in the geometric active 
contour model to extend the capture range of the object boundaries, and improve the ability of convergence to the concavi­

ties. Then, using a multi-scale scheme improve the boundary detection accuracy. In addition, combining the regularization 
and the multi-scale method, the proposed scheme can effectively suppress and eliminate the noise and the spurious edges in 

the medical images. Furthermore, the topology of the deforming curve can naturally change without and special topolygy 
handing procedures added to the scheme. This permits synchronously extracting several anatomical structures. The experi­

ments on some medical images obtained from different medical imaging methods demonstrate that the proposed approach is 

competent for medical image segmentation. 
Key words medical image segmentation, geometric active contour, multi-scale, level Set theory. 
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Introduction 

Computerized image segmentation has played an 

increasingly important role in medical image analysis, 

and has widely used in surgical planning, navigation, 

simulation etc. Segmenting anatomical structure from 

medical images such as CT, MR ,PET etc. is difficult 

due to the complexity and variability of the anatomic 

shape of interest and corraption of the image caused by 

noise and sampling artifacts. 

A t · [4] • . . . d' I c lVe contour IS a promIsmg an VIgOroUS y re-

searched boundary finding segmentation approach. 
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This method has been widely used m medical image 

segmentation with promising result, since it offers ro­

bustness to both image noise and boundary gaps. How­

ever, traditional active contour is difficult to adapt the 

model topology such as splitting or emerging without 

any additional topology-controlling scheme. 

Geometric active contours moel, introduced in [1-

3] as a geometric alternative for traditional active con­

tour or 'snake' to naturally handle the topological 

changes of the evolving contour, extensively studied re-

I [4.6.10-12] Th' d I bed' cent y . IS mo e as on curve evolutIOn 

theory and level set method, involves solving the ener-
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gY．based minimization problem by the computation of 

geodesic or minimal distance curves．In this approach， 

a curve is represented implicitly as a level set of a 

higher dimensional sealar function． 

Although the geometric active contour model has 

such advantages over the snake， it has many draw- 

backs．This method is sensitive to the starting position 

of the contour and the noise and di伍cult to deform a 

contour into the boundary concavities，and allows the 

contour leaking through the gaps of the concept contour 

an d the weak edges as wel1． These drawbacks cause 

diffeuhies when using the geometric active contour to 

segment the complicated medical image segm entation． 

To solve these problems，we extend the geometric 

active contours by regularizing the edge attraction force 

field and using a multi-scale segm entation scheme． 

Th ese extensions are able to increase the boundary cap- 

ture range，and encourage the robustness to the noise 

an d the spurious ed ges． 

1 Geometric Active Contours M odel 

Geometric active contour was proposed independ- 

ently by Caselles et a1．【 ， ]and Kichenassamy et al【 
． 

Th e form ulation of Ge ometric Active Contours is based 

on curve evolution theory and Le vel Set method．Th e 

topological changes of the curve are naturally han dled， 

which allows detection of allows detection of all obiects 

that appear in the imag e plane without knowing their 

exact number． 

1．1 1)yllsmic M odels 

Let，：[0，a]×[0，b] be a given image in 

which we want to detect the objects boundaries．As an 

energy ml‘m’ml—zlng approach， the Ge ometric Active 

contours evolve the curve C to minimize an objective 

curve energy function．To minimize the curve energy  is 

equivalent to searching for steady state solution of the 

following Euler-Lagran ge equation⋯ ： 

OC
=g(，)(，c+ ) 一(V g(，)． ) ， (1) 

W here，c denotes the Euclidean eurvature
． de． 

notes the unit inward norm al ，r0 is a constant
， g(，)is 

a positive edge indicator function that depends on the 

imag e，and gets small value along the edges and higher 

value elsewhere． In this paper
， we use the following 

form of g(口 ) 

g( ( =e ‘川 ， 

Where 1 is a positive real constant， 

detecor，which is defined by： 

(2) 

h(，)is the edge 

=  

¨ 

h

ste

涮

p ed ge

。

s 

(3) 

W here G denotes a 2-D Gaussian function with stand。 

ard deviationtr． 

Acc。rding t。cur、，e ev。luti。n the。ry， =，c is 

the Euclidean shortening flow， which will smooth a 

cur、，e，eventually sh nking it to a ciI℃ulax p0int； = 

N is the gradient flow，which will locally minimize 

the area enclosed by C。where V0 is a coefficient deter- 

mining the speed and direction of deform ation． Among 

the first term at the right of equation(1)，g(，)is a 

muhiplicative stopping term．If objects have good con- 

trast，the curve evolution will stop at the boundary of 

objects，since g(I) approximates zero along the 

boundary．However，when the object boundary is weak 

or indistinct，g(，)does not vanish"along the bounda- 

ry，and the curve continues its propag ation and may 

ship its desired location． Th e second term  at the right 

of equation(1)may partially remedy this problem．In 

this term ，Vg(I)is an edge attraction force，which 

points towards the middle of the boundaries．Wh en the 

curve pass the boundary，一(Vg(，)·Ⅳ)N pulls it 

back，and finally stops the curve at the desired posi- 

tion，where the residual force corresponding to the first 

term at the right of equation(1)can be counteracted． 

Th e evolution of the curve is implemented by level 

set method proposed by Osher Sethian．[73 

1．2 Level Set M ethod 

Th e Osher Sethian【’ level set method provides the 

numerical scheme for geometric deform ab le models．A 

useful property 0f this approach is that the level set 

function remains a valid function while the embedded 

curve can chan ge its topology ． 

Now，Let ( ，Y，t)：R _R be a level set func． 

tion with the cure C(t)as its zero level set．We haye 

C(t)={( ，Y)： ( ，Y，t)=0}．A common choice of 

is to set ( ，Y，t)=d( ，Y)，where d( ，Y)is a 
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gy-based minimization problem by the computation of 

geodesic or minimal distance curves. In this approach, 

a curve is represented implicitly as a level set of a 

higher dimensional scalar function. 

Although the geometric active contour model has 

such advantages over the snake, it has many draw­

backs. This method is sensitive to the starting position 

of the contour and the noise and difficult to deform a 

contour into the boundary concavities, and allows the 

contour leaking through the gaps of the concept contour 

and the weak edges as well. These drawbacks cause 

diffculties when using the geometric active contour to 

segment the complicated medical image segmentation. 

To solve these problems, we extend the geometric 

active contours by regularizing the edge attraction force 

field and using a multi-scale segmentation scheme. 

These extensions are able to increase the boundary cap­

ture range, and encourage the robustness to the noise 

and the spurious edges. 

1 Geometric Active Contours Model 

Geometric active contour was proposed independ­

ently by Caselles et al. [1,2] and Kichenassamy et alP]. 

The formulation of Geometric Active Contours is based 

on curve evolution theory and Level Set method. The 

topological changes of the curve are naturally handled, 

which allows detection of allows detection of all objects 

that appear in the image plane without knowing their 

exact number. 

1. 1 Dynamic Models 

Let I: [ 0, a J x [0, b J --R + be a given image in 

which we want to detect the objects boundaries. As an 

energy minimizing approach, the Geometric Active 

contours evolve the curve C to minimize an objective 

curve energy function, To minimize the curve energy is 

equivalent to searching for steady state solution of the 

following Euler-Lagrange equation[J] : 

ac ~ ~ ~ at = g(I)(K + Vo)N - (Vg(I) • N)N, (1) 

Where K denotes the Euclidean curvature, N de­

notes the unit inward normal, Vo is a constant, g (I) is 

a positive edge indicator function that depends on the 

itnage, and gets small value along the edges and higher 

value elsewhere. In this paper, we use the following 

22~ 

form of g( D) , 
g(h(l» = e-1h(t)II, (2) 

Where 1 is a positive real constant, h (I) is the edge 

detecor, which is defined by: 

{
I V [Gu(x,y) */(x,y)] I 2 step edges 

h(/(x,y» = . 
I Gu(x,y) */(x,y) I. line edges 

(3) 

Where Gu denotes a 2-D Gaussian function with stand­

ard deviationu. 

According to curve evolution theory, aC = K N is at 
the Euclidean shortening flow, which will smooth a 

all h · k" . I . aC curve, eventu y s nn Ing It to a CI£CU ar pOInt; - = at 
Vo N is the gradient flow, which will locally mlmmlze 

the area enclosed by C, where Vo is a coefficient deter­

mining the speed and direction of deformation. Among 

the first term at the right of equation ( 1 ), g ( I) is a 

multiplicative stopping term. If objects have good con­

trast, the curve evolution will stop at the boundary of 

objects, since g ( I ) approximates zero along the 

boundary. However, when the object boundary is weak 

or indistinct, g (I) does not vanish 'along the bounda­

ry, and the curve continues itS propagation and may 

ship its desired" location. The second term at the right 

of equation (1) may partially remedy this problem. In 

this term, V g ( I) is an edge attraction force, which 

points towards the middle of the boundaries. When the 
~ 

curve pass the boundary, - ( V g (J) • fll) N pulls it 

back, and finally stops the curve at the desired posi­

tion, where the residual force corresponding to the first 

term at the right of equation (1) can he counteracted. 

The evolution of the curve is implemented by level 

set method proposed by Osher Sethian. [7] 

1.2 Level Set Method 

The Osher Sethian [7] level set method provi~es the 

numerical scheme for geometric deformable models. A 

useful property of this approach is that the level set 

function remains a valid function while the embedded 

curve can change its topology. 

Now, Letl/l(x,y,t):R2 
__ R be a level set func­

tion with the cure C ( t) as its zero level set. We have 

e(t) = I (x,y) :I/I(x,y,t) =0\. A common choice of 

1/1 is to set 1/1 ( x , y , t) = d ( x , y ), where d ( x , y) is a 

. ---,. 
I 
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signed distance from the d point( ，Y)to the surve 

C，with negative sign  in the interior and positive in the 

exterior of the closed curve． 

According to level set method，the corresponding 

geometric active contour model written in its level set 

formulation is given by， 

Ot=g(，)(K+v0)I V I+v g(1)·V tf，， (4) 

where the curvature，c is舀ven by， 

，c = 竺 ：二 翌± ： 
( + ) ／2 ’ 

where 。den。tes Oaoa， den。tes 
OaOb ●_-●J 

2 Edge Attraction Field Regularization 

(5) 

In order to increase the capture range of an active 

contour for the traditional active contour models
， 

Chengyand Xu et a1．[ '9。proposed a new extema1 

foree，GVF(Gradient Vector Flow)，which is compu． 

ted as the regularization of image force
． Similarly，in 

geometric active contour mod els
， we regularize the 

edge attraction field to smoothly increase the capture 

range of the object boundaries． 

Assuming that the regu larized edge attraction field 

is Q(x，y)=(p(x，y)，q(x，y))，Q(x，y)is given bv 

mi’ni‘mi‘zi‘ng the following energy functional 

』J (I V g I)I V Q I +(1一 (I 7g I))I Q+ 
V g I dxdy． f6、 

The first term  within the integrand is referred to as 

the smoothing term
， since this term  alone will produce 

a smoothly varying field
． The second te邢 is refen．ed to 

as the data term ，since it encourages Q to be close to 
一

7g·The parameter (I 7g I)with the variable of 
— V g s a regularization parameter governing the 

trade。off between the first term  and the second te邢
．  

Since we want Q to be slowly varying at the 1oca． 

tion far from the edges
， but to conform． to — V g near 

the edges，／．t(口)should grow larger awav f1．0 the 

edges，whereas
， (口)should become sma11er near 

the。dge s_ Th erefore
， we use the following weighting 

(I 7g I)=exp(一k I Vg I ) 

Where k is a positive real constant
． 

(7) 

Acc。rding t。ref-[9]，the regularized edge at． 

traction force field can be found by treating P an d q as 

functions of time，and searching the equilibrium sl- 

oution of following diffusion equations 

V g1)7 P一(1-／．t(I 7 gI))(P+g ) 

7g1)7 q一(1一 (I 7 g1))(g+g ) 

(8) 

Wh ere g an d g
y 
denote the component of 7g in the di． 

rection of coordinate an d Y coo rdinate
， respectively． 

Th ere are two advantages for using the regu lariza 

tion approach．First，this approach increases the cap． 

ture range of edge attraction force field． Furtherm ore
， 

regu larization also could 6ll the gaps of the broken 

boundary with the edge attraction field pointing towards 

the subjective contour．Fig．1 shows a streamline exam． 

pie depic 

in which 

ting the regu larized edge attraction force field
， 

regu larization was applied to a simulated im． 

age containi
。

ng an object that has both gaps(indicated 

by A)and concavity． 

Second，regu larization is able to smooth the edge 

attraction force field， and reduce the e fects 0f the 

noise and the spurious edges
． Note that， in image 

plane，the edge attraction force associated to noises 

an d spunous edges is relatively smal1
． Since／．t is a 

monotonically non。increasing function of k
。 in order to 

suppress
，

noises and spurious edges through the regu lar． 

ization approach，we could tune the parameter in e
．  

quation(7)to make／．t become considerable larger near 

the noise and the spurious edge than that near the ob
．  

ject boundary． 

After compute Q( ，y)， 

traction force field in equation 

ing 

we replace the edge at． 

(1)by Q(x，y)，yield． 

OC
=g( +y(Q． ) ， 

and the corresponding level set fo邢 u1ation 

0t=g( I V I—yQ．v ． 

(9) 

(10) 

ote that in equation(1)，(9)，we not on1v re． 

Pl 。7 g with—Q，but also multiply the sec0nd te邢 

by y，wh ch is a Positive real constant
， to adjust the 

prop。rtl。“ between the elastic foree and the attracti
0n 

· rtherm ore
， comparing(1)，(4)with(9)． 

(10)'we also omit pressure force
， because the at． 

／ ／ 

= = 韭 

，●●●●-J‘I●I●【  
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signed distance from the grid point (x, y) to the surve 

C, with negative sign in the interior and positive in the 

exterior of the closed curve. 

According to level set method, the corresponding 

geometric active contour model written in its level set 

formulation is given by, 

~ == g(I)(K + Vo)' Vf/!' + Vg(I) • Vf/!, at 
where the curvature K is given by, 

f/! =f/! / - 2f/! "f/! rf/! "r + f/! rrf/!" 
2 

K = (f/!} + f/!/)3/2 ' 

~ ft 
where f/!" denotes aa' f/! ah denotes aaab' 

2 Edge Attraction Field Regularization 

(4) 

(5) 

In order to increase the capture range of an active 

contour for the traditional active contour models, 

Chengyand Xu et al. [8.9J proposed a new external 

force, GVF (Gradient Vector Flow) , which is compu­

ted as the regularization of image force. Similarly, in 

geometric active contour models, we regularize the 

edge attraction field to smoothly increase the capture 

range of the object boundaries. 

Assuming that the regularized edge attraction field 

is Q(x,y) = (p(x,y) ,q(x,y» ,Q(x,y) is given by 

minimizing the following energy functional 

e == ffJL( I V g I ) I V Q I 2 + (1 - JL( I V g I ) ) I Q + 

V g 12 dxdy. (6) 

The first term within the integrand is referred to as 

the smoothing term, since this term alone will produce 

a smoothly varying field. The second term is referred to 

as the data term, since it encourages Q to be close to 

- V g. The parameter JL( I V g I) with the variable of 

- V g is a regularization parameter governing the 

tr~de-off between the first term and the second term. 

Since we want Q to be slowly varying at the loca­

tion far from the edges, but to conform to - V g near 

the edges, JL ( 0 ) should grow larger away fro~ the 

edges, whereas, JL ( D) should become smaller near 

the edges. Therefore, we use the following weighting 

function 

OJL(I Vgl) == exp(-kl VgI 2
). (7) 

Where k is a positive real constant. 

According to ref. [9], the regularized edge at-
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traction force field can be found by treating p and q as 

functions of time, and searching the equilibrium sl­

oution of following diffusion equations 

(

QE ==JL( I V gl) V 2p - (l -JL( I V gl»(p + g,,) 
at 

Q9.==JL(1 Vgl) V 2q-(I -JL(I Vgl»(q+gy). at 
(8) 

Where g" and gr denote the component of V g in the di­

rection of x coordinate and y coordinate, respectively. 

There are two advantages for using the regulariza­

tion approach. First, this approach increases the cap­

ture range of edge attraction force field. Furthermore, 

regularization also could fill the gaps of the broken 

boundary with the edge attraction field pointing towards 

the subjective contour. Fig. 1 shows a streamline exam­

ple depicting the regularized edge attraction force field, 

in which regularization was applied. to a simulated im­

age containi,ng an object that has both gaps (indicated 

by A) and concavity. 

Second, regularization is able to smooth the edge 

attraction force field, and reduce the effects of the 

noise and the spurious edges. Note that, in image 

plane, the edge attraction force associated to noises 

and spurious edges is relatively small. Since JL is a 

monotonically non-increasing function of k, in order to 

suppress. noises and spurious edges through the regular­

ization approach, we could tune the parameter k in e­

quation (7) to make JL become considerable larger near 

the noise and the spurious edge than that near the ob­

ject boundary. 

Mter compute Q (x, y), we replace the edge at­

traction force field in equation (1) by Q (x, y) , yield­

mg 

aC ~ ~ ~ at == g(I)KN + y(Q. N)N, 

and the corresponding level set formulation 

¥t == g(I)K I Vf/! 1- yQ. Vf/!. 

(9) 

( 10) 

Note that in equation ( 1 ) , (9), we not only re­

place V g with - Q, but also multiply the second term 

by y, which is a positive real constant, to adjust the 

proportion between the elastic force and the attraction 

force. Furthermore, comparing ( 1 ) , ( 4) with (9), 

( 10) , we also omit pressure force, because the at-

http://www.cqvip.com
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Fig．1 Streamlines of regularization attraction field 

图 1 正规化吸引力场流线示意 

traction range of regularization force field is large e。 

nough to capture the initial curve far from the bounda。 

ties． 

3 ti．scale M odel 

In 0rder to increase the robustness of the model to 

the noise．we use a large or in the Gaussianfiher in our 

model proposed above，for the large-scale filter can ef- 

fectivelv smooth the noisy image data． Nonetheless， 

the large．scale filter has the effect of blurring the ed- 

ges，which will force the curve convergence to inac。 

curate boundary，leading to an unreliable result．Fig 2 

(a)illustrates the position shift of the edge in one di- 

mension due to large-scale edge detector．The edge po- 

sition(point B)detected by employing a large-scale 

edge detector shifts away from that(point A)detected 

： 

— Sigma=3．5 l B A 

Sigmaffil } 

～ v● ● _  ‘  ‘ 

【⋯ 

⋯  ‘⋯  I’： 蔓 

!芰 
(a) 

by empl0ying a smal1．scale edge detector· Furth 。 

m0re．the regularization of the attraction force field en。 

larges the shift．W e notice that the local minimum of I 

VgI exists at the edge，while the loc al maximum 0t l 

V gI is in the pmximity of the edge． When the filter 

scale increases，the position of the local maximum 

magnitude of the edge attraction force becomes away 

fmm the boundary． From preceding discussion， we 

kn0w that the regularization field is computed as a dif- 

fusion 0f the gradient vector of g，which extends the 

vector from the great intensity regions to small intensity 

and homogeneous regions smoothly without any change 

0f the vector direction． Because the gradient vectors 

near the edge are all directed towards the middle of the 

edge．the direction of the diffusion at different side of 

the edge are opposite． In the regularizing attraction 

force field．the detected edge is at the position where 

the opposite diffusions can counteract each other，and 

the directi0ns of the force vectors at different side of the 

detected edge are opposite． Now，if the gradient yea- 

tors at both sides ofthe edge have same magnitude。the 

0pposite diffusion would counteract each other at the 

edge，and the regularizi 

the edge． However， f 

ng force vectors 

the magnitudes 

point towards 

are different， 

the diffusion of g at each side ofthe edge is not able 

to counteract each other along the real edge．Here，we 

refer the real edge to the edge detected by the edge de- 

tector in the image， i．e． the edge in the attraction 

force field before regu larizing．Th us，the detected edge 
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Fig。2 Edge shift in one dimension(a)detected edge position and intensity using different scales of edge detector(b)the 

intensity of regularization attraction force field corresponding to Fig．2(a)．A and B denote the edge position with =1 and 

3．5．respectively 

图 2 一维情况下边缘点发生偏离情况 (a)采用不同尺度边缘检测算子得到的边缘位置(b)与图(a)相对应的边缘 

检测算子所得的正则化边缘吸引力场强度．图中A，B分别为 盯：l和盯=3．5时对应的边缘位置 
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Fig. 1 

001 
Streamlines of regularization attraction field 
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traction range of regularization force field is large e~ 

nough to capture the initial curve far from the bounda~ 

ries. 

3 Multi-scale Model 

In order to increase the robustness of the model to 

the noise, we use a large (T in the Gaussianfilter in our 

model proposed above, for the large~scale filter can ef~ 

fectively smooth the noisy image data. Nonetheless, 

the large-scale filter has the effect of blurring the ed­

ges, which will force the curve convergence to inac­

curate boundary, leading to an unreliable result. Fig 2 

( a) illustrates the position shift of the edge in one di­

mension due to large-scale edge detector. The edge po­

sition (point B) detected by employing a large-scale 

edge detector shifts away from that (point A) detected 
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by employing a small-scale edge detector. Further­

more, the regularization of the attraction force field en­

larges the shift. We notice that the local minimum of I 

V g I exists at the edge, while the local maximum of I 

V g I is in the proximity of the edge. When the filter 

scale (T increases, the position of the local maximum 

magnitude of the edge attraction force becomes away 

from the boundary. From preceding discussion, we 

know that the regularization field is computed as a dif­

fusion of the gradient vector of g, which extends the 

vector from the great intensity regions to small intensity 

and homogeneous regions smoothly without any change 

of the vector direction. Because the gradient vectors 

near the edge are all directed towards the middle of the 

edge, the direction of the diffusion at different side of 

the edge are opposite. In. the regularizing attraction 

force field, the detected edge is at the position where 

the opposite diffusions can counteract each other, and 

the directions of the force vectors at different side of the 

detected edge are opposite. Now, if the gradient vec­

tors at both sides of the edge have same magnitude, the 

opposite diffusion would counteract each other at the 

edge, and the regularizing force vectors point towards 

the edge. However, !f the magnitudes are different, 

the diffusion of V g at each side of the edge is not able 

to counteract each other along the real edge. Here, we 

;efer the real edge to the edge detected by the edge de­

tector in the image, i. e. the edge in the attraction 

force field before regularizing. Thus, the detected edge 

40 so 60 70 
(b) 

80 90 100 

Fig. 2 Edge shift in one dimension (a) detected edge position and intensity using different scales of edge detector (b) the 

intensity of regularization attraction force field corresponding to Fig. 2 ( a). A and B denote the edge position with (T = 1 and 

(T = 3. 5, respectively 
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一 ■一 
Fig．3 Segmentation of the left ventricle of a human heart(shon—axis section)(a)The MR image(b)The stre眦Ii ? ‘ 
re# arization attmction force field with ：3 c)Initial(dot curve)and intermediate contour(white Culwe)with 3(d) 

Final contour with ：I 
．  

图 3 对人的心脏左心室 (短轴部分 )进行分割(a)MR原图像(b) =3时正规化 吸引力场流线示意 (c) ：3时的 

初始 区线(点)和中间结果(白线 )(d)最终结果 ，6r=l 

in the regularizing attraction force field shifts towards 

the side of the real edge where the magnitude of I VgI 

is lower．We see this effect in Fig．2(b)．The shift of 

A away from B in Fig．2(b)is larger than that in Fig． 

2(a)． 

To solve this problem， we introduce the multi— 

scale technique．Th e multi—scale technique can effec— 

tively reduce the sensitive to the noise and the spurious 

edge，an d improve the accuracy of boundary detection． 

First．we regu larize the gradient vector of g which is 

derived from emplying large—scale or．Because the reg— 

ularizing attraction force field that is dervied from using 

large—scale or is insensitive to the noise data and has 

larger capture range，the initializing curve could be far 

away from the object boundary．In the large—scale，the 

curve evolution may stop in the proximity of the bound— 

ary rather that accurately along the boundary ， so we 

need reduce the scale of or to improve the contour ac— 

curacy．Second，we reduce the scale of or gradually， 

and regu larize the attraction force field associated to the 

small or again．Using the result of last step as the ini— 

tializing curve，we evolve the curve．Then we reduce 

the scale of or again，and repeat the second step until 

or is equal to the smallest scale． After the first step， 

the purpose of regu larization is reducing the noises near 

the boundary and improving the accuracy of boundary 

detection．It means that the extension of the attraction 

range is unnecessary and the convergence of equation 

(8)need not be achieved．Thus，We only iterate the 

enough constant times in equation(8)so that the nose 

near the object boundary can be suppressed． 

4 Experimental Result 

w e have tested our algorithm on several real reed— 

ical images，including CT，MRI，and physical cross— 

sectional data． All experiments start at the large—scale 

or ：3．and gradually decrease or with a step Aor ：0．5， 

then obtain the final results at or ：1． 

Fig．3 shows the extraction of the inner wall of the 

left ventricle from a noisy MR image．Th e original im- 

age and the streamlines of the regu larizing attraction 

force field with or：3 are shown in Fig．3(a)and 3 

(b)，respectively．We initialized the contour across 

the inner wall of ventricle，as the dot rectangle shown 

in Fig．3(c)，an intermediate extraction result with 

large—scale edge detector，or ：3，is also shown． Th e 

result shows that the contour finds the boundary of in— 

ner wall approximately in the presence of both bounda— 

ry concavities and convexities． Th e final result using 

the multi—scale scheme is shown in Fig．3(d)．Compa— 

ring Fig．3(c)with Fig．3(d)，we note that the result 

obtained through the multi·-scale scheme at small·-scale 

is more accurate than that obtained at large—scale． 

Therefore，the multi—scale scheme can improve the seg- 

mentation accuracy． 

W e also applied the proposed contour model on the 

CT image of leg to segment two object，fibula and tibia， 

synchronously as shown in Fig．4．Note that，in Fig．4 

(a)，the initial curve(the dot rectangle)is far from 

the object boundary and the CT image is noisy and con- 

tains many spurious edges of the muscle between the in- 

itial curve an d the fibula an d tibia．However，the regu — 
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(a) (b) 

Fig. 3 Segmentation of the left ventricle of a human heart (short-axis section) (a) The MR image (b) The streamlines of 

regularization attraction force field with u = 3 (c) Initial ( dot curve) and intermediate contour ( white curve) with u = 3 (d) 

Final contour with u = 1 
00 3 ~g Atl9'L'llItti:'lY~O;a~lrfflH1- ):ilt:1'T?t~j( a) MR 1Jj(00~( b)u = 3 Bt1En\l.1t1l& '3\ j] j:m1flt~7F~( c) u = 3 Bttl9 
fJJ~IK~( },';OlPq:rril]~:W:( 8~) (d)iIl~~~,u = 1 

in the regularizing attraction force field shifts towards 

the side of the real edge where the magnitude of I 'i/ g I 

is lower. We see this effect in Fig. 2 ( b). The shift of 

A away from B in Fig. 2( b) is larger than that in Fig. 

2( a). 

To solve this problem. we introduce the multi­

scale technique. The multi-scale technique can effec­

tively reduce the sensitive to the noise and the spurious 

edge. and improve the accuracy of boundary detection. 

First, we regularize the gradient vector of g which is 

derived from emplying large-scale (T. Because the reg­

ularizing attraction force field that is dervied from using 

large-scale (T is insensitive to the noise data and has 

larger capture range. the initializing curve could be far 

away from the object boundary. In the large-scale. the 

curve evolution may stop in the proximity of the bound­

ary rather that accurately along the boundary, so we 

need reduce the scale of (T to improve the contour ac­

curacy. Second. we reduce the scale of (T gradually, 

and regularize the attraction force field associated to the 

small (T again. Using the result of last step as the ini­

tializing curve, we evolve the curve. Then we reduce 

the scale of (T again. and repeat the second step until 

(T is equal to the smallest scale. After the first step. 

the purpose of regularization is reducing the noises near 

the boundary and improving the accuracy of boundary 

detection. It means that the extension of the attraction 

range is unnecessary and the convergence of equation 

( 8) need not be achieved. Thus. We only iterate the 

enough constant times in equation (8) so that the nose 

near the object boundary can be suppressed. 

4 .Experimental Result 

We have tested our algorithm on several real med­

ical images. including CT, MRI. and physical cross­

sectional data. All experiments start at the large-scale 

(T = 3. and gradually decrease (T with a step L1(T = O. 5 • 

then obtain the final results at (T = 1. 

Fig. 3 shows the extraction of the inner wall of the 

left ventricle from a noisy MR image. The original im­

age and the streamlines of the regularizing attraction 

force field with (T = 3 are shown in Fig. 3 ( a) and 3 

( b), respectively. We initialized the contour across 

the inner wall of ventricle, as the dot rectangle shown 

in Fig. 3 ( c ). an intennediate extraction result with 

large-scale edge detector. (T = 3, is also shown. The 

result shows that the contour finds the boundary of in­

ner wall approximately in the presence of both bounda­

ry concavities and convexities. The final result using 

the multi -scale scheme is shown in Fig. 3 ( d). Compa­

ring Fig. 3 ( c) with Fig. 3 ( d). we note that the result 

obtained through the multi-scale scheme at small-scale 

is more accurate than that obtained at large-scale. 

Therefore. the multi-scale scheme can improve the seg­

mentation accuracy. 

We also applied the proposed contour model on the 

CT image of leg to segment two object. fibula and tibia, 

synchronously as shown in Fig. 4. Note that. in Fig. 4 

( a), the initial curve (the dot rectangle) is far from 

the object boundary and the CT image is noisy and con­

tains many spurious edges of the muscle between the in­

itial curve and the fibula and tibia. However. the regu-
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(b) 

Fig．4 Segmentati。n of the fibula and the tibia on CT image of human leg a)Searching procedure with or=3(b)Final。。“ 

tourwith or=1 

图4 对腓骨 cT图的分~U(a)or=3时的搜索过程(b)or=1时的最终结果 

larization method effectively reduces the effects of these 

spurious edges and extends the attraction range of the 

object boundary．Eventually，the regularizing attraction 

force field deforms the contour into the proximity of the 

bone boundary．In Fig．4(a)，the white solid curve 

shows the intermediate result with or=3．Then we grad— 

ually decreased the scale and obtained the final accurate 

result in Fig．4(b)with or=1． 

5 Conclusion 

We have introduced new extensions to the geomet。 

ric active contour． These extensions include regu lari— 

zing the attraction force field and the multi—scale 

scheme．Th e regu larization of the attraction force field， 

suppressing the noise and spurious edges and extending 

the capture range of the boundary，allows for flexible 

initialization of the contour and encourages to conver． 

gence concavities． Furtherm ore， the multi—scale 

scheme not only reduces the noise，but also improves 

the accuracy of the segmentation．The experiments on 

different medical images demonstrate that the proposed 

method is a competent approach for medical image seg— 

mentation． 

To improve the perform ance and automation of 

segm entation，further investigation into optimal selec． 

tion of some parameters such as ，k is desirable． In 

addition，since the level set implementation is compu． 

tationally expensive，finding a fast algorithm is also the 

work directinn． 
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(8) (b) 

Fig.4 Segmentation of the fibula and the tibia on cr image of human leg (a) Searching procedure 'with u = 3 (b) Final con­

tour with a = 1 
00 4 X>tJjf~1f cr ootJ(])j-tU(a)a =31J.ttJ(]t!~:i1~(b)a = IIJ.ttJ(]:I.R~~* 

larization method effectively reduces the effects of these 

spurious edges and extends the attraction range of the 

object boundary. Eventually. the regularizing attraction 

force field deforms the contour into the proximity of the 

bo"ue boundary. In Fig. 4 ( a), the white solid curve 

shows the intermediate result with (T = 3. Then we grad­

ually decreased the scale and obtained the final accurate 

result in Fig. 4 ( b) with (T = 1. 

5 Conclusion 

We have introduced new extensions to the geomet­

nc active contour. These extensions include regulari­

zing the attraction force field and the multi-scale 

scheme. The regularization of the attraction force field, 

suppressing the noise and spurious edges and extending 

the capture range of the boundary, allows for flexible 

initialization of the contour and encourages to conver­

gence concavities. Furthermore, the multi-scale 

scheme not only reduces the noise, but also improves 

the accuracy of the segmentation. The experiments on 

different medical images demonstrate that the proposed 

method is a competent approach for medical image seg­

mentation. 

To improve the performance and automation of 

segmentation, further investigation into optimal selec­

tion of some parameters such as 1', k is desirable. In 

addition, since the level set implementation is compu­

tationally expensive, finding a fast algorithm is also the 

work direction. 
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