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Abstract
This paper describes an algorithm for shape estimation in cluttered scenes. A new image potential is defined based on strokes detected in
the image. The motivation is simple. Feature detectors (e.g. edge points detectors) produce many outliers, which hamper the performance of
boundary extraction algorithms. To overcome this difficulty we organize edges in strokes and assign a confidence degree (weight) to each
stroke. The confidence degrees depend on the distance of the stroke points to the boundary estimates and they are updated during the
estimation process. A deformable model is used to estimate the object boundary, based on the minimization of an adaptive potential function
which depends on the confidence degree assigned to each stroke. Therefore, the image potential changes during the estimation process. Both
steps (weight update, energy minimization) are derived as the solution of a maximum likelihood estimation problem using the EM algorithm.
Experimental tests are provided to illustrate the performance of the proposed algorithm.
q 2003 Elsevier B.V. All rights reserved.
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1. Introduction
Active contours estimate the object boundary using a
deformable curve. During the estimation process the model
points move under the influence of image forces and internal
forces. Image forces attract the model towards specific
image features (e.g. edge points) and internal forces try to
keep shape coherence during the convergence process [13].
The design of image forces has been thoroughly
investigated (e.g. see Refs. [4 – 6,17]). The main difficulty
concerns the presence of invalid features (outliers), which
are not located at the object boundary and attract the elastic
model towards wrong shape configurations.
Several strategies have been proposed to improve the
performance of active contours e.g. the use of a validation
gate to reduce the search region [2], non-linear filtering
techniques with non-Gaussian distributions [11], the use of
geometric and dynamic constraints to reduce shape and
q
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motion variability [3,6] and robust estimation techniques
which are able to reduce the influence of outliers on the final
shape estimates [16].
A different approach is proposed here. The shape
estimate is obtained by the minimization of a potential
function as in the original snake algorithm. However, a
new adaptive potential is used which reduces the influence
of outliers.
The method proposed in this paper is based on two key
ideas. First, middle level features (strokes) are used instead
of low level ones (edge points). Middle level features are
more informative and reliable. Their use has been recently
proposed by several authors in Refs. [10,12,16,18].
Second, a confidence degree (weight) is assigned to each
stroke. All strokes contribute to the image potential but with
different weights. Weight assignment is not performed on a
heuristic basis but it is obtained using a probabilistic model
for the observed data and the EM algorithm.
The paper is organized as follows. Section 2 presents a
brief overview of elastic curve estimation. Section 3
describes the estimation of active contours parameters,
assuming that we know which features are valid and
which are outliers (known labeling). Section 4 extends
these ideas to the case in which such labeling information
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is unknown. Section 5 deals with the optimization issues
and Section 6 presents the experimental results. Section 7
concludes the paper.

2. Previous work
Several methods were proposed to attract elastic
curves towards the object boundary in images. Kass
et al. proposed the use of potential functions based on
the image intensity and image gradient at each pixel
[13]. This works well if the background image is
homogeneous and the elastic curve is initialized close
to the object. These ideas were further developed in
Ref. [4] using an edge based potential. This potential is a
sum of Gaussians located at the edge points. Cohen
potential is therefore a Parzen estimate of the edge
probability density function.
The previous methods are sometimes classified as
myopic since the influence of each feature (e.g. edge
point) is restricted to a small region. Therefore, they can
only be used to compensate small shape errors.
These difficulties are overcome in the unified framework
[1] where competitive learning methods are used to estimate
the model configuration. These difficulties are also solved
by the gradient vector flow potential [17] based on an
anisotropic diffusion of the gradient. The idea is to
interpolate the gradient vector in homogeneous regions
where the gradient is small and there is no information about
the object contour. This allows to extend the influence of the
image forces to homogeneous regions as well.
All previous methods can be classified as bottom up
algorithms. A different approach consists of using the
current curve estimate to detect features in the image
(top down approach). This is often done by considering a set
of lines orthogonal to the curve. Each line is associated to an
image force applied to the model. The image force is
computed using image features detected along each line
(e.g. by matched filtering [3]) or they are evaluated in a
probabilistic framework using statistical models of the
intensity profile [6,8].
Several attempts have also been made to perform shape
analysis using multiple cues such as color, texture motion
and color information [9,15]. These methods use more
information to estimate the model configuration and they
often lead to an improvement of the shape estimates
in problems where color, motion and texture play an
important role.
All these techniques fail when there is a large number of
outliers (i.e. image features not belonging to the object
contour) since they are not able to separate valid from
invalid data (segmentation problem). The problem of
robust shape estimation in the presence of outliers is still
an open issue.

3. Known labeling
This section addresses shape estimation assuming that
we know which features are valid and which are outliers.
For the sake of simplicity no regularization forces will be
considered in this section. Let y be the set of all features
detected in an image and let us assume that y is organized in
strokes y ¼ {y1 ; …; yN }; where yj ¼ {yj1 ; …; yjn } is the set of
observations (edges points) belonging to the j-th stroke
(see Fig. 1).
Let x be a contour model defined by a sequence of 2D
points xi ; i ¼ 1; …; M: The goal is to approximate the data
contained in y by the contour model x: To accomplish this,
we shall consider
X the potential function
Pðxi ; y; kÞ ¼ 2 Fðxi ; yjn ; kj Þ
ð1Þ
j;n

xi is the i-th model unit; yn j is the n-th observation of the
j-th stroke; k ¼ {k1 ; …; kN } is a set of stroke labels, (kj ¼ 1
if the j-th label is valid; kj ¼ 0 otherwise) and F measures
the influence of yjn on the image point xi : The contribution of
j
each feature y8
n to the potential is defined by
< Gðlyjn 2 xi l2 Þ kj ¼ 1
ð2Þ
Fðxi ; yjn ; kÞ ¼
:
V
kj ¼ 0
where Gðlyjn 2 xi l2 Þ is a Gaussian kernel and V is a constant.
If y; k were known the contour model would be obtained
by minimizing
Xthe contour energy
^x ¼ arg min
Pðxi ; y; kÞ
ð3Þ
x

i

Eq. (3) is equivalent to the snake algorithm with the
Cohen potential [5] provided that we assume that all data is
valid i.e. kj ¼ 1; ;j :
The problem may also be addressed in a probabilistic
framework, by assuming the y; k are random variables with
conditional probability density function
X
pðy; klxÞ ¼ ae 2
Pðxi ; y; kÞ
ð4Þ
i

Fig. 1. Image strokes: valid ðy1 ; y3 ; y4 ; y7 Þ and outliers ðy2 ; y5 ; y6 Þ:
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This will be denoted as the sensor model since it
characterizes the distribution of the observations y and
stroke labels k; assuming that the model x (object shape) is
known. The log likelihood function is
X
lðx; y; kÞ ¼ logpðy; klxÞ ¼ C 2
Pðxi ; y; kÞ
ð5Þ
i

and the minimization of the log likelihood function leads to
the same optimization problem defined in Eq. (3). In practice
we do not know which features are valid and which are
outliers. The labels kj are therefore unknown. This problem
is addressed in Section 4.

where bj is a normalization constant. The weight wj will
have a high value if the model points xi are close to the
observed data yjn :

5. Contour estimation
This section addresses contour estimation by the
minimization of a cost function. The cost function to
be considered, J; includes two terms: a regularization
term as in Ref. [14] which tries to keep the distance
between consecutive model points close an average
distance l0 and an image dependent term given by
Eq. (10). Therefore

4. Adaptive potential
J¼
Since the stroke labels are unknown in practice, the object
contour should be estimated by maximizing the likelihood
function of the observed data
X
log pðylxÞ ¼ log pðy; klxÞ
ð6Þ
k

This is, however, a difficult problem. It is not possible to
obtain a closed form expression for logpðylxÞ nor to
optimize it analytically. One way to circumvent this
difficulty is by using the EM algorithm [7] which optimizes
the ML criteria by using an auxiliary function
Uðx; x^ Þ W Ek {log pðy; klxÞly; x^ }

ð7Þ

Using Eq. (4), U can be rewritten as follows

X 
U ¼ Ekj log pðyj ;kj lxÞly; x^
¼

X

w log pðy ;k ¼ 1lxÞ þ ð1 2 w Þlog pðy ;k ¼ 0lxÞ
j

j

j

j

j

j

ð8Þ

j

where wj ¼ pðkj ¼ 1lyj ; x^ Þ:
The second term in Eq. (8) (outlier potentials) can be
discarded since it does not depend on x: Therefore, the
objective function becomes (see the details in Appendix A)
X
U ¼C2
Pa ðxi ; yÞ
ð9Þ
i

where
Pa ðxi ; yÞ ¼

X

2

X

!
2

Gðlxi 2 yn jl Þ wj

ð10Þ

n

j

will be denoted as an adaptive potential since it depends on
the confidence degrees of the image strokes wj which vary
during the estimation process. The weights wj are computed
in the E step of the EM algorithm
wj ¼ pðkj ¼ 1lyj ; x^ Þ ¼ bj pðyj ; kj l^xÞ
Y X
¼ bj
e Gðlyjn 2 xi l2 Þ
i

n

X

ðli 2 l0 Þ2 þ Pa

ð11Þ

ð12Þ

i

where li ¼ lxiþ1 2 xi l is the distance between consecutive
model points and l0 is the average distance specified by
the user.
The minimization of Eq. (12) is performed in the M-step,
as follows
x^ tþ1 ¼ arg max Jðx; x^ tÞ
x

ð13Þ

Using the gradient algorithm
x^ t þ 1 ¼ x^ t 2 g7x J

ð14Þ

where 7x is the gradient operator defined by 7x J ¼ ½
7x1 J; …; 7xM JT:
Eq. (14) can be rewritten as follows
x^ tþ1 ¼ x^ t 2 gi fint þ ge fimg

j
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ð15Þ

where fint ðxi Þ and fimg ðxi Þ are interpreted as internal and
external forces given by
li 2 l0
ðxiþ1 2 xi Þ
li
1 X jX j
fimg ðxi Þ ¼
w
ðyn 2 xi ÞGðlyjn 2 xi l2 Þ
s2 j
n

fint ðxi Þ ¼ 22

ð16Þ
ð17Þ

This result is related to other works. In Ref. [1] it is
shown that several methods share the same structure and
belong to a unified framework in which model points are
attracted towards data centroids under the influence of
external forces
fimg ðxi Þ ¼ mi ðji 2 xi Þ

ð18Þ

After straightforward manipulation it is concluded that
the algorithm developed in this paper also belongs to this
framework and the external forces Eq. (17) can be rewritten
as in Eq. (18) with
P jP j
j
X jX
jw
n yn qi ðyn Þ
j
mi ¼
w
qi ðyn Þ
ji ¼ P j P
ð19Þ
j
n
jw
n qi ðyn Þ
j
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Fig. 2. Results obtained with snake potential (top row) and with the adaptive potential (bottom row). Each row shows initial, intermediate and final results.

where qi ðyÞ ¼ Gðlyjn 2 xi l2 Þ is a weight function
which measures the influence of the data point yjn on the
model unit xi :

6. Experimental results
This section presents experimental results obtained with
synthetic and real images. We compare the proposed
algorithm with the snakes method, obtained by assuming
that all the data features are valid. A statistical study is
provided to assess the performance of both methods when
the number of outliers is increased. Finally, we show the
performance of both methods in real images. These tests
were performed under the following conditions. In each

iteration, the boundary model is resampled at equally spaced
points. The gain gi used in Eq. (15) is chosen as proposed in
[4], i.e. after normalizing the internal forces. For the
external forces we use independent gain factors acting on
each model unit as in [1]. These procedures increase the
convergence rate of the algorithm.
6.1. Experimental results
Suppose that we want to estimate the contour of a square
in the presence of a large number of invalid strokes
(outliers). Fig. 2 shows an example. The data and the initial
contour estimate are shown in the left column. The first row
shows the results obtained with snake potential while the
results achieved with the adaptive potential are shown in

Fig. 3. Randomly generated data with x ¼ 30%; m ¼ 3 (left); x ¼ 60%; m ¼ 10 (center); x ¼ 100%; m ¼ 20 (right).
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Fig. 4. Results obtained with snake potential (dashed line) and adaptive potential (solid line) with s2 ¼ 0:1; Dav (first row), Dmax (second row). From left to
right m ¼ 3; m ¼ 10; m ¼ 20:

the second row. The estimates obtained with the snake
potential do not converge towards the object boundary since
they get stuck in the valleys (local minima) associated to the
outliers. On the contrary, the adaptive potential manages to
assign more importance to the true strokes and discards the
others since they have smaller lengths. It is concluded that

the adaptive potential reduces the influence of outliers and
allows an accurate estimation of the object boundary.
Monte Carlo tests were performed to evaluate the
performance of both methods in the square problem.
The test images were obtained by adding binary strokes
randomly distributed to the image of the square.

Fig. 5. Results obtained with snake potential (dashed line) and adaptive potential (solid line) with s2 ¼ 10; Dav (first row), Dmax (second row). From left to
right m ¼ 3; m ¼ 10; m ¼ 20:
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Fig. 6. Results obtained with snake (top row) and adaptive potential (bottom row), (iterations 1, 9, 30).

In test image we have randomly generated a specific
number of outlier strokes. The length of each stroke is a
random variable with gamma distribution, with the parameters a ¼ m=b; b ¼ s2=m; where m and s are the mean and
variance of the stroke length. The initial point of each stroke
is randomly generated with uniform distribution in the image
and it also adopted to specify the stroke direction.

In these experiments two parameters were changed: the
number ofstrokes (stroke percentage) and the average
length m keeping a constant value for s (s ¼ 0:1). For each
value of the average (m) the stroke percentage was changed
from 10 to 100%. A stroke percentage x means that the
sum of stroke lengths is x% of the object perimeter.
Three values were considered for the average stroke

Fig. 7. Results obtained with snake potential (top row) iterations 1, 7, 20 and with adaptive potential (bottom row), (iterations 1, 7, 10).
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Fig. 8. Image potential obtained with Snake potential (top row) iterations 4, 10, 20 and with adaptive potential (bottom row), (iterations 2, 5, 10).

length: m ¼ 3; m ¼ 10; m ¼ 20: Ten images were
randomly generated for each parameter configuration.
Fig. 3 shows some images samples adopted for the data
base.
Two distances were used to evaluate the boundary
estimates obtained by both methods
1
ððd ðx; pÞ þ dav ðp; xÞÞ
2 av
1
¼ ððdmax ðx; pÞ þ dmax ðp; xÞÞ
2

Dav ¼

ð20Þ

Dmax

ð21Þ

where
dav ðx; pÞ ¼

M
1 X
min lx 2 pl
M n¼1 p[P n

ð22Þ

the average length is small a large number of strokes are
generated filling the whole image plane. The deformable
model gets easily stuck during the convergence process in
this case. We notice that the error is never equal to zero
since the model does not accurately represent the vertices of
the object (a small number of units (20) were used to
represent the object shape and none of them are attracted
towards the vertices).
The performance of the algorithm is not sensitive with
respect to changes of s2 : For example, Fig. 5 shows similar
results obtained with s2 ¼ 10:
We have also done experiments using outlier strokes
inside the object boundary (see Fig. 6). It was concluded that
the snake algorithm is attracted by inner strokes while

is the average distance from the contour model x to
the true boundary (ideal contour) defined by the set
P; and
dmax ðx; pÞ ¼ max min lxn 2 pl
n

ð23Þ

p[P

is the largest deviation from the contour model to the
true boundary. The remaining measures are obtained by
changing the role of p and x in Eqs. (22) and (23).
Fig. 4 shows the performance of both methods. The solid
line corresponds to the estimates obtained with the adaptive
potential and the dashed line corresponds to the snake
algorithm with Cohen potential. The first row shows the
values of Dav while the second shows the results of Dmax : It
is concluded from Fig. 4 that the proposed algorithm is
robust against the presence of outliers while the snake
algorithm shows a significant degradation as the noise level
increases, specially in the case of small strokes. When

Fig. 9. Evolution of the weights.
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Fig. 10. Results obtained with Snake potential (top row) and adaptive potential (bottom row), (iterations 1, 7, 40).

the proposed method is robust and converges to the object
boundary.
6.2. Example 2
Another example is shown in Fig. 7. Two strokes are
detected in the vicinity of the hand (left images): a valid
stroke (hand boundary) and an outlier (white bar). Both
methods were used to estimate the hand. It is observed that

the adaptive potential manages to solve this problem well
while the classic potential converges to a wrong shape
maximum. Fig. 8 shows the evolution of both potentials
(Cohen potential and adaptive potential) during the
convergence process. The dark regions are the
potential valleys, which attract the model units. Cohen
potential remains unchanged during the convergence
process and is not able to discriminate valid data from
the outliers. On the contrary the adaptive potential manages

Fig. 11. Results obtained with Snake potential (top row), (iterations 1, 4, 30) and adaptive potential (bottom row), (iterations 1, 4, 8).
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Fig. 12. Results obtained with the snake potential (top row) and adaptive potential (bottom row), (iterations 1, 10,20).

to discriminate the true stroke from the wrong one.
At iteration 10 only the valley associated with the hand
boundary is presented in Fig. 8.
We can see that significant changes occur in the case of
the adaptive potential. The outlier stroke valley has a large
variation during the iterations, where in a final stage the
outlier valley is removed. This is due to the variation of
the weights shown in Fig. 9. In the first iterations both
strokes have similar weights. However the weight of the
hand stroke increases during the convergence process while
the weight of the outlier decreases.
6.3. Example 3
This example illustrates the performance of the proposed
algorithm in the estimation of car boundaries in cluttered
scenes. Figs. 10 and 11 show the results obtained with
the Snake potential and with the adaptive potential in two
cases. These examples illustrate two typical situations.

In the first example only a poor estimate of the object shape
is available. The initial contour is therefore far from the car
boundary. In the second example, there is a good initial
shape estimate but there is a significant shift of the shape
centroid. The shape estimation with snake potential fails in
both cases while the proposed algorithm manages to solve
both problems well.
6.4. Example 4
Fig. 12 shows the estimation of the lips boundary. In this
example the strokes are detected in the whole image
(thin white lines). An initialization is given in such way that
the model units can be attracted by the outside
(face boundary) and inside (teeth and tongue) outlier
strokes. The poor convergence of the snakes algorithm is
notorious and is sensitive to both kind of strokes.
Fig. 13 shows the strokes detected in these experiments.

Fig. 13. Strokes detected in the images (circles are the initial position).
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where

7. Conclusions
This paper proposes a new algorithm for the estimation
of object boundaries in the presence of outliers. The
object boundary is approximated by a deformable contour
as in snakes. Model points are deformed by internal forces
and by external forces computed using an image potential.
However, instead of using the classic potential function,
which remains invariant during the convergence process,
an EM potential is proposed which is able to discard the
influence of outliers. This is achieved as follows.
Image features (edge points) are organized in strokes
and each stroke is either classified as valid or invalid
(outlier). Since this information is not available, a
confidence degree is assigned to each stroke, being
updated during the estimation process. Therefore, all
strokes contribute to the image potential function but with
different weights. The image potential and the contour
model are recursively estimated in a ML framework by
the EM algorithm.
Experimental tests have shown that the proposed
algorithm is robust and provides much better results than
classic methods in the presence of clutter.

Appendix A
Appendix—auxiliary objective function
Using Eqs. (1) and (4) Eq. (8) can be written as follows
U¼

X

(
j

w 2

X

j

¼

X

)
Pðxi ; y ; 1Þ þ c
j

j

i

j

w

(
X

j

)
Fðxi ; yjn ; 1Þ

þc

j

ð24Þ

i;n

Since all strokes are considered as valid in this
expression ðkj ¼ 1Þ; a Gaussian potential is used (see Eq. (2))
U¼

X

wj Gðlyjn 2 xi l2 Þ þ

j;i;n

X

cj wj

ð25Þ

j

Therefore, the auxiliary function U is given by
U ¼C2

X
i

Pa ðxi ; yÞ

ð26Þ

Pa ðxi ; yÞ ¼

X
j

2

X

!
Gðlyjn

2

2 xi l Þ wj

ð27Þ

n

is an adaptive potential function.
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