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Abstract

In this paper, a new non-parametric generalized formula-
tion to statistical pressure snakes is presented. We discuss
the shortcomings of the traditional pressure snakes. We
then introduce a new generic pressure model that alleviates
these shortcomings, based on the Bayesian decision theory.
Non-parametric techniques are used to obtain the statisti-
cal modelsthat drive the snake. We discuss the advantages
of using the proposed non-parametric model compared to
other parametric techniques. Multi-colored-target tracking
is used to demonstrate the performance of the proposed ap-
proach. Experimental results show enhanced, real-time per-
formance.

1. Introduction

Since their introduction by Kass et al. [1], active contour
models have drawn much attention in computer vision re-
search. Active contour models, more commonly known as
snakes, represent a powerful segmentation technique with a
wide rage of application, such as object segmentation [2],
robotics [3] and medical imaging [4]. These models have
some shortcomings that need user intervention to achieve
high performance.

Active deformable models are energy minimizing
splines. These models are trained to deform to target ar-
eas with certain characteristics. The energy of a snake is
given by Equation (1).
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where S(u) is a parametric representation of the contour
andisde ned as.
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E,n: represents the energy of the contour resulting from
theinternal forcesthat maintain a certain degree of smooth-
ness and even control point spacing along the curvature of
the contour. Eng isthe energy content resulting from image
forces. Image forces are responsible for driving the con-
tour toward certain image features, such as edges, and are
computed based on the image data. Finally, Egy represents
the energy resulting from the external forces, which may or
may not be applied, from a high-level source such as a hu-
man operator or other high-level mechanisms to maintain
certain characteristics of the contour. Allowing the snaketo
change its shape and position minimizes the total energy of
the contour.

Rather than the research being conducted on applications
of snakes, another class of research focuses on the reformu-
lation of both the internal forces [5] and image forces [6]
and the representation of the contour [7]. The main objec-
tive of this class of research is to minimize the amount of
user intervention needed to obtain robust performance.

In this paper, we present a new formulation for image
forces based on non-parametric statistical modeling for the
target and background features. The proposed formulation
signi cantly reduces the number of free parameters of the
snake, while maintaining high performance.

This paper is organized as follows. Section 2 briey dis-
cussesthe relevant work. In Section 3 weintroducethe pro-
posed approach. Experimental results are presented in Sec-
tion 4. Section 5 concludes the paper and introduces some
ideas for future research.

2. Related Work

In most applications of snakes, a strong edge must be de-
tected in order to drive the snake. This obviously causes
poor performance of the snake in weak gradient elds.
Also, this adds the constraint that the snake must be ini-
tially placed near the object of interest, otherwise it might
fall into thewrong minimain the gradient eld.

In[8], Ivins and Porrill introduced a statistical approach
to snakes, where edge energy is replaced by region energy



that is a function of statistical characteristics of the area of
interest. In this approach, the image forceis given by:
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where and arethe mean and standard deviation of the
area of interest, respectively, and k is a user de ned param-
eter.

Although the statistical snakes introduced in [8] allevi-
ated the need to detect strong edges, they had three ma-
jor shortcomings. First, from Equation (3), the model as-
sumes that low-order statistics, and , can suf ciently
represent the target area. This assumption is obvioudly not
valid for any multi-colored object. The second shortcom-
ing is that the model did not account for the background. In
other words, any feature vector that is not statistically simi-
lar to the target areais considered a background. Finally, k
needsto be carefully chosen in order to obtain good perfor-
mance. Figure (1) illustrates theidea using the gray level as
afeature. Assuming that the target area has a mean and a
standard deviation of 20 and 20, respectively, and the back-
ground area has a mean and standard deviation of 200 and
10, respectively. If we wrongly set k = 2 and detect afea-
ture x = [61], Equation (3) will generate positive pressure
although the extracted feature value is more similar to the
object than to the background.
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Figure 1: k must be chosen correctly

D. Fenster et a. [9] introduced an approach that statis-
tically models the boundaries between the foreground and
the background for medical image segmentation purposes.
Their agorithm performed well for static medical images.
In target tracking applications, the boundaries between the
target and the background are constantly changing. There-
fore, modeling the boundaries does not yield good tracking
performance.

3. A Generic Pressure M oddl

Bayes [10] introduced a more generic and statistically op-
timal method for classifying a feature vector, x, based on
the probability density functions of two (or more) classes.
We adopt this Bayesian approach to introduce the generic
pressure model of Equation (4).
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where p(xjO) and p(xjB) are the conditional probability
density functions of the object and the background respec-
tively.

This model overcomes the disadvantages of the previ-
ous pressure model of Equation (3) [8]. The model does
not make assumptions on the pdf of the features of the ob-
ject. Also, the model takesinto consideration the pdf of the
background. The problem is reduced to that of accurately
estimating both p(xjO) and p(xjB), particularly in the case
of non-simple pdfs.

E. Parzen [11] proposed a method to non-parametrically
estimating the probability density function from a set of
training examples. The pdf is estimated using Equation (5).
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where N isthe size of the training set, h isthe width of the
discretization window, and  (X) is called the kernel func-
tion. Several kernel functions have been proposed in the lit-
erature. We use the simple Gaussian kernel function given
by Equation (6).

x) = 1912: exp %XTX ; (6)

We then use a simple k-point moving average Iter of the
form
b%c
p(x + 1) (7)
i= bk=2c

1
p(x) = K
to make the pdf s less noisy.

4. Experimental Results

A target tracking application was used to verify the validity
of the proposed approach. Figure (2) and Figure (3) show
the target and the background images respectively. The his-
togram and the estimated pdf of the target are shownin Fig-
ures(4) and (5) respectively. Figure (6) showsthe histogram
of the background and Figure (7) shows the estimated pdf
of the background.






