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A b s t r a c t .  This paper describes a contour extraction scheme which re- 
fines a roughly estimated initial contour to outline a precise object bound- 
ary. In our approach, mixture density descriptions, which are parametric 
descriptions of decomposed sub-regions, are obtained from region cluster- 
ing. Using these descriptions, likelihoods that a pixel belongs to the object 
and its background are evaluated. Unlike other active contour extraction 
schemes, region- and edge-based estimation schemes are integrated into an 
energy minimization process using log-likelihood functions based on the 
mixture density descriptions. Owing to the integration, the active contour 
locates itself precisely to the object boundary for complex background im- 
ages. Moreover, C 1 discontinuity of the contour is realized as changes of the 
object sub-regions' boundaries. The experiments show these advantages. 

1 Introduction 

The objective of this work is to extract an object contour from a given initial rough 
estimate. Contour extraction is a basic operation in computer vision, and has many 
applications such as cut/paste image processing of authoring systems, medical image 
processing, aerial image analyses and so on. 

There have been several works which takes an energy minimization approach to the 
contour extraction(e.g.[i][2]). An active contour model (ACM) proposed by Kass [3] has 
demonstrated an interactivity with a higher visual process for shape corrections. It results 
in smooth and closed contour through energy minimization. The ACM, however, has the 
following problems: 

C o n t r o l  : It is common for typical ACMs to look for maxima in intensity gradient 
magnitude. In complex images, however, neighboring and stronger edges may trap 
the contour into a false, unexpected boundary. Moreover, if an initial contour is placed 
too far from an object boundary, or if there is not sufficient gradient magnitude, the 
ACM will shrink into a convex closed curve even if the object is concave. In order 
to avoid these cases, a spatially smoothed edge representation[3], a distance-to-edge 
map[4][5], successive lengthening of an active contour[6] and an internal pressure 
force[5] have been introduced. Unfortunately, even if those techniques were applied, 
the edge-based active contours might be trapped by unexpected edges. 

Scal ing : Many optimization methods including ACMs suffer from a scaling problem[7]. 
Even if we can set parameters of an optimization method through experiments for a 
group of images, the validity of the parameters is not assured for images with different 
contrasts. 

D i scon t inu i ty  : The original ACM requires the object contour to be C 1 continuous. This 
requirement implies the approximation errors for C 1 discontinuous boundaries which 
often appear due to occlusion. A popular approach to the discontinuity control is that  
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the discontinuities are just set at the high curvature points[4]. Generally, however, 
it is difficult to interpret the high curvature points as corners or occluding points 
automatically without knowledge about the object. 

Taking into account the interactivity for correction, we adopt an ACM for the object 
contour extraction. In light of the above problems, we will focus not on the ACM itself but 
on an underlying image structure which guides an active contour precisely to the object 
boundary against the obstacles. In this paper we propose a miztnre density description 
as the underlying image structure. Mizture density has been noted to give mathematical 
basis for clustering in terms of distribution characteristics[8][9][10]. It refers to a prob- 
ability density for patterns which are drawn from a population composed of different 
classes. We introduce this notion to a low level image representation. The features of our 
approach are: 

- Log-likelihoods that a pixel belongs to an object(inside) and its background(outside) 
regions enforce the ACM to converge to their equilibrium. On the other hand, the 
log-likelihood gradients enforce the ACM to locate the contour on the precise ob- 
ject boundary. They are integrated into an energy minimization process. These log- 
likelihood functions are derived from the mixture density descriptions. 

- Parameter setting for the above enforcing strengths is robust for a variety of images 
with various intensity. Because, the strengths are normalized by statistical distribu- 
tions described in the mixture density description. 

- The object boundary is composed of sub-regions' boundaries. The C 1 discontinuity 
of the ACM can be represented as changes of sub-regions' boundaries. 

First, we present a basic idea of the mixture density description, its definition with 
assumptions and a region clustering. Second, we describe the active contour model based 
on the mixture density descriptions. The experimental results are presented thereafter. 

2 M i x t u r e  D e n s i t y  D e s c r i p t i o n  b y  R e g i o n  C l u s t e r i n g  

2.1 Bas ic  Idea  

Our ACM seeks for a boundary between an object and its background regions according 
to their mixture density descriptions. The mixture density descriptions describe the po- 
sitions and measurements of the sub-regions in the both sides of the object boundary. In 
our approach, the mixture density description can be obtained from a region clustering 
in which pixel positions are considered to be a part of features. Owing to the combination 
of the positions and the measurements, the both side regions can be decomposed into 
locally distributed sub-regions. Similarly, Izumi et a1.[11] and Crisman et a1.[12] decom- 
posed a region into sub-regions and integrated the sub-regions' boundaries into an object 
boundary. We do not take such boundary straightforwardly because they may be not 
precise and jagged for our purpose. 

For a pixel to be examined, by selecting a significant sub-region, which is nearest to the 
pixel with respect to the position and the measurement, we can evaluate position-sensitive 
likelihoods of inside and outside regions. Fig. 1 illustrates an example of mixture density 
descriptions. In Fig.l, suppose that region descriptions were not for decomposed sub- 
regions. The boundary between inside "black" and outside "blue" might not be correctly 
obtained, because the both side regions include blue components and the likelihoods 
of the both side regions would not indicate significant difference. On the other hand, 
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Fig. 1. Example of mixture density description. 

using the mixture density description, the likelihoods of the both regions can indicate 
significant difference knowing the sub-regions' positions. Moreover, the false edges can 
be canceled by the equal likelihoods in the both sides of the false edges. 

2.2 Def in i t ions  a n d  A s s u m p t i o n s  

We introduce the probability density function for mixture densities [8]. In the mixture 
densities, it is known that the patterns are drawn from a population of c classes. The 
underlying probability density function for class ~i is given as a conditional density 
p(xlwl, Oi) where Oi is a vector of unknown parameters. If a priori probability of class wi 

c 0~ is known as p(wl), ~'~i=1 P ( i )  = 1, a density function for the mixture densities can be 
written as: 

c 

p ( x l 0 )  = (1) 
i = 1  

where 0 = (01,02, ...,0c) �9 The conditional densities p(x[to/, 0i) are called component 
densities, the priori probabilities p(w/) are called mixing parameters. 

We assume that a region of interest R consists of c classes such that R = {wl, o;2, ..., a~ }. 
In order to evaluate the likelihood that a pixel belongs to the region R, we take a model 
that overlapping of the component densities are negligible and the most significant (high- 
est) component density can dominate the pixel's mixture densities. Thus, the mixing pa- 
rameters of the region R should be conditional with respect to position p(e.g, row,column 
values) and measurements x(e.g. RGB values) of the pixel. 

The mixing parameters are given by: 

1 if p(x,p[wi,Oi) > p(x,p[wj,Oj),Vj, j  # i, 1 < i , j  < c 
p@dR,  x, p) ~ - - (2) 

0 otherwise. 

Thus, we can rewrite the mixture density function of the region R for (x, p) as: 

c 

p(x, piR, 0) -- ~ p(x, ply,, 0~)p(~i IR, x, p ) .  (3) 
i = l  
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Owing to the approximation of (2), a log-likelihood function of a region R with a mixture 
density description 8 can be given by: 

In p(x, plR,/9) = m i a x  In p(x, p ]wi, 04) . (4) 

For convenience of notation, we introduce the notat ion y to represent the joint vector of 

x and p: y = ( p ) .  We assume that  the component  densities take general multivariate 

normal  densities. According to this assumption, the component  densities can be written 
a s :  

1 1 

exp[-~-X2(y; u4,27)] (5) p(ylwi ,  Oi) = (27r)d/21S411/2 z 

and 
X2(y;u/,  574) = (y  - ui)t  L' /"I(y - u4) , (6) 

where 0i = (ui,,U4), d, ui and 27i are the dimension of y,  the mean vector and the 
covariance matr ix  of y belonging to the class w4, (.)t denotes the transpose of a matr ix,  
and X2(.) is called a Mahalanobis distance function. For the mult ivariate normal densities, 
the mixture density description is a set of means and covariance matrices for c classes: 

M i x t u r e  D e n s i t y  D e s c r i p t i o n : 0  = ( (ul ,  271), (u2,272), ...., (ue, 27e)) �9 (7) 

The log-likelihood function for the multivariate normal densities is given by: 

L o g - L i k e l i h o o d  F u n c t i o n : l ( y [ R ,  0) = m a x - l ( d  ln(27r) + In [274[ + X2(Y; ui, 274)) �9 

(8) 
Henceforth, we use the log-likelihood function and the mixture density description of (7) 
and (8). 

2.3 R e g i o n  C l u s t e r i n g  

A mixture density description defined by (7) is obtained from decomposed sub-regions. 
If  the number of classes and parameters  are all unknown, as noted in [8], there is no 
analytical singular decomposition scheme. Our algorithm is similar to the Supervising 
ISODATA 3. of Carman et al.[14] in which Akaike's information criterion(AIC)[15] is 
adopted to reconcile the description error with the description compactness,  and to eval- 
uate goodness of the decomposition. The difference is tha t  we assume the general multi- 
variate normal distribution for the component densities and use a distance metric based 
on (5), while Carman et. al. assume a multivariate normal  distribution with diagonal 
covariance matrices and used Euclidian distance metric. 

By eliminating the constant terms from the negated logari thm of (5), our distance 
metric between sample y and class wl is given by: 

d(y; u~, El) = In [2~1 + X2(y; ui, 27i) �9 (9) 

For general multivariate normal distributions (with no constraints on covariance ma- 
trices), AIC is defined as: 

c 

A I C ( R ,  0) = - 2  E / ( Y l R '  0)+211011 = E{ni(d(l+ln(27r))+ln([Ei[))"l-(2d"l-d(d"l-1))}, 
y i=1 

(10) 

3 For review of clustering algorithms see [13]. 



28 

where n~ and ]]0 H represent the number of samples y in the ith class and the degree 
of free parameters to be estimated, respectively (note that E(X~(.)) = d). In (10), the 
first term is the description error while the second term is a compactness measure which 
increases with the number of classes. 

The algorithm starts with a small number of clusters, and iterates split-and-merge 
processes until the AIC has minima or other stopping rules, such as the number of 
iterations, the number of class samples and intra-class distributions, are satisfied. 

3 A c t i v e  C o n t o u r  M o d e l  

b a s e d  o n  t h e  M i x t u r e  D e n s i t y  D e s c r i p t i o n s  

We assume that 8in: a mixture density description of an object region R in and 8~ 
a mixture density description of the object background R ~ have been given by the 
region clustering. According to a maximum likelihood estimate (MLE) which maximize 

the sum of the two log-likelihoods of R in and R ~ an active contour can be localized 
to a balanced position as illustrated in Fig.2. In addition, we will provide an edge-based 
estimate for precise boundary estimation. Because there are vague features or outliers 
caused by shading, low-pass filtering and other contaminatiors. Assuming that the log- 
likelihoods indicate step changes at the boundary, the boundary position can be estimated 
as the maxima of the log-likelihood gradients. In our ACM, the both estimates are realized 
by a region force and an edge force, and they are integrated into an energy minimization 
process 4. 

log-likelihood ~ log-likelihood 
of the inside Sd~ foroe of the outside 

Rerglo. form MLE 

> 
inside ~ position on the normal outside 

to the contour 

Fig. 2. Boundary location. 

3.1 E n e r g y  M i n i m i z a t i o n  P r o c e s s  

We employ a dynamic programming(DP) algorithm for the energy minimizing of the 
ACM. It provides hard constraints to obtain more desirable behavior. Equation (11) is a 
standard DP form as is of Amini 5 except the external forces. 

minv,_l {SI-l(Vl, Vi-1) "~- Estretch(Vi, Vi-i) "~ Ebend(Vi+l, Vi, Vi-1) 
S~(Vi+l, v,) = [ +Ereg,o,*(vi) + Eedge(v,)} �9 

(11) 

4 For more details see[16] 
For review of an ACM implemented by a DP see[17]. 
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In (11), we assume that  N control points vl on a active contour are spaced at equal 
intervals. The energy minimization process proceeds by iterating the DP for the N con- 
trol points until the number of position changes of the control points converges to a small 
number or the number of iteration exceeds a predefined limit. At each control point vi, 
we define two coordinates ti and ni, which are an approximated tangent and an approx- 
imated normal to the contour, respectively. In the current implementation, each control 
point vi is allowed to move to itself and its two neighbors as {vi, vl +~ni ,  v i - ~ n i  } at each 
iteration of the DP. For convenience of notation, we express them as {middle, outward, 
inward }. Estretch(') and E~na(') in (11) are the first and the second order continuity 
constraints, and they are called internal energy. In the ACM notation, Er~gion(') and 
E~aa,(') in (11) are called external forces(image forces). 

In the following subsections, we will describe the external forces. 

3.2 E x t e r n a l  Forces  

Two external forces of our ACM are briefly illustrated in Fig. 3. A region force has the 
capability to globally guide an active contour to a true boundary. After guided nearly to 
the true boundary, an edge force has the capability to locally enforce an active contour 
to outline the precise boundary. 

............................. :~ii!i!ili!i!i!i::i::i::i::::~::. :.. 
~::iii::i~::~ ...... obl ~i::i)i::i::i::i::i::iii::::~?~:... n '!?:iiiii!ii  ,.troi  

out In 
I(ylR ,g) < I(ylR ,U) 

at control point at control point 
region force region force 
(squash) (protrude) 

~ n  reg t o r t t ~  0 

P o i n t  '~ii::iiiiiliiii~: 

in equi um zone 
region force 
+ edge force 

Fig. 3. Boundary seeking model: a region force and an edge force. 

and 

The region force is given by: 

f Po~t(vi) if vi moves inward 
-Eregion(Vi)=lPoin(Vi) if vi moves outward 

otherwise (if vi stays in the middle), 
(12) 

po,,t(vi) = -p ln (v / )  = I (y [R  ~ 0~ - l(yl Rin,  o in)v,  , (13) 

where l(.)v denotes the log-likelihood taking feature vectors at or nearly at the position 
V. 

In order to introduce the edge force, two auxiliary points v + and v~- are provided for 
the control point v{, where v + = v{ + T/n/,v~- = vi - r/n{. The inside parameter  Ovi is 

selected from/9 in so that Ovi is the parameter of the highest component density at v~-. 
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The outside parameter O+i is selected at v + from 0 ~ in the same way. The edge force 
is given by: 

( ~162 ~215 if vi is in equilibrium 
- -  Eedge(Vi) = Ou + O(-u) 

0 otherwise, 
(14) 

where W, t and u are a window function and variables on ti, ni coordinates of vi, 
respectively. In the current implementation, W has been implemented as a Gaussian 
window(c~ and C~n are scale factors). In (14), differential of log-likelihoods is calculated 
from Mahalanobis distances. Note that the edge force can be applied on condition that vi + 
and v~- are placed across the true boundary. We call this condition equilibrium condition 
which can be easily determined by likelihoods of v + and v~-. 

3.3 Discontinuity Control 

In our ACM, the second order continuity constraint will be ignored at point where the 
vi is in equilibrium and the inside parameter Ovi is different from its neighbors Ovi_l or 

Ovi+l. 

4 E x p e r i m e n t s  

Throughout the experiments, the conditions are 1.input image size:512 • 480 pixel RGB 
, 2. feature vectors: five dimensional vectors (r,g,b,row,column). 

Fig. 4 shows an input image with an initial contour drawn by a mouse. The initial 
contour is used as a "band" which specifies the inside and outside regions. According to 
the band description, the region clustering result is modified by splitting classes crossing 
the band. Given an initial contour in Fig.4, we have obtained 24 classes for the inside and 
61 classes for the outside through the region clustering. Mixture density descriptions are 
obtained from the inside and outside classes. Using these mixture density descriptions, 
the ACM performs the energy minimizing to outline the object boundary. Fig. 5 shows 
that the discontinuous parts are precisely outlined with the discontinuity control. 

Fig. 6 (a) shows a typical example of a trapped edge-based active contour. In contrast 
with (a), (b) shows a fair result against the stronger background edges. 

We can apply our ACM to an object tracking by iterating the following steps:l) extract 
a contour using the ACM, 2) refine mixture density descriptions using the extracted 
contour, 3) apply the region clustering to a successive picture taking the mixture density 
description into the initial class data. In Fig.6 (c), the active contour tracked the boundary 
according to the descriptions newly obtained from the previous result of (b). 

5 C o n c l u s i o n  

We have proposed the precise contour extraction scheme using the mixture density de- 
scriptions. In this scheme, region- and edge-based contour extraction processes are in- 
tegrated. The ACM is guided against the complex backgrounds by the region force and 
edge force based on the log-likelihood functions. Owing to the statistical measurement, 
our model is robust for parameter setting. Throughout the experiments including other 
pictures, the smoothing parameter has not been changed. In addition, the mixture den- 
sity descriptions have enabled to represent the C 1 discontinuity. Its efficiency is also 
demonstrated in the experiment. 
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Regarding the assumptions for the mixture density description, we have assumed 
that  the component densities take general multivariate normal densities. To be exact, 
the position vector p is not in accordance with normal distribution. So far, however, the 
assumption has not exhibited any crucial problems. 

Further work is needed in getting initial contours in more general manner. Issues 
for feature research include the initial contour estimation and extending our scheme to 
describe a picture sequence. 
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(a) an initial Contour 

Fig.  4. An example image. 

(b) a clustering result 

(a) without the discontinuity control 

Fig.  5. Extracted contours of Fig.4. 

(b) with the discontinuity control 

(a) an edge-based AC (b) the proposed AC (c) loci to another picture 

Fig.  6. Comparison with a conventional edge-based ACM and an application to tracking. 


