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Abstract

In most implementations of active contours (snakes), the evolution of the snake depends only on image characteristics |
in the immediate neighborhood of the current snake points. This is true even when there is little edge data available

in the current neighborhood, and even when the boundary of interest may be some distance away in the image. This
paper proposes a vector potential field ar each point in the image that is derived from the “pull” exerted by all edge
points in the image; the pull for a given edge is inversely proportional to the square of the distance from the pixel it h
pulls. This potential field acts as a force, and snake points are moved based on the force at their current location, rath-
er than moving to minimize energy at a candidate position. The resulting algorithm allows edges 1o influence snake,
evolution earlier and from a greater distance, and results in faster and better convergence to the final boundary under |

a variety of image characteristics.

1. Introduction

Many image analysis operations require finding a closed
contour, and simple edge detection methods often fail in
such applications because portions of the boundary are ob-
scured by noise or blurred. In such applications, the con-
cept of Adaptive Contours becomes useful. Adaptive
Contours proposes an initial contour and then medifies that
contour until it conforms with measured edge data. In addi-
tion 1o preferring areas of high “edginess”, adaptive con-
tours may also impose smoothness constraints.

Algorithms based on adaptive contours have often been
referred to as “snakes" because of the way they evolve. In
this paper, we will use the term “snake” for a two-dimen-
sional adaptive contour. '

1n this work, we improve both the performance and
speed of conventional snakes by making use of an observa-
tion: rather than simply. moving towards or away from the
center or moving normal to the current boundary, it makes
more sense for snake points to be attracted to edges in the
image, even if they are some distance away.

This development has been made in reaction to a prob-
lem with conventionaliimplementations of snakes. A con-
venticnal snake algorithm attempts to minimize some
energy function, typically a sum of an “internal energy”
which describes the smoothness of the snake, and an “ex-
teral energy” which deseribes how well the contour aligns
with edge points in the image. The problem with conven-
tional techniques is that the domain of the search is likely
to be restricted. Some algorithms restrict the movement of
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the snake points to only the nearest point. Others provide a
band of finite, predetermined size about the present bound-
ary in which to search for new snake point. Given this, if a
snake point exists within a large homogeneous region, im-
age data does not provide any guidance as to what the ap-
propriate direction should be.

Such algorithms suffer from the same problem that was
described as a “Parzen window”[1] in the pattern recogni-
tion literature — a point inside the search boundary is fully
considered, a point outside that boundary is ignored. What
we need is an algorithm which will consider an edge point
as attracting a snake point, no matter how far away it is.

To some extent, this problem may be addressed by in-
troducing inflation or deflation forces, shape constraints, or
other strategies which influence motion but are unrelated to
image information. A preferable technique would be one
which allows edges to influence snake evolution from a
distance. .

The technique proposed in this paper corrects this prob-
lem by precomputing a potential field which influences the
motion of each snake point, no matter where that point is
located. We will first describe the simplest implementation
of this concept, and then enhance it to improve perfor-
mance in situations with different geometries.

2. Background

Kass er al. [2] proposed the concept of snakes as a meth-
od of combining image information and shape information
as a means of guiding the evolution of a closed boundary.
They formulated this as an energy minimization problem in



which the edge information from the image is contained in
an “external” energy term, and some measures of smooth-
ness are included in the “internal” energy. Thus, minimiz-
ing the total energy produces a contour which is closed,
smooth, and close to features of interest in the image such
as edges. Many variations to the concept of adaptive con-
tours have been proposed, including different expressions
for the energtes. See [3] for an excellent survey of the field.
Two fundamentally different strategies exist regarding
motion and initialization of adaptive contours — those that
initialize outside the true contour and shrink [4], and those
that initialize inside the true contour and expand. In either
case, the lypical strategy has been to design the smoothness
term so that the shape energy has a natural bias which

drives the snake in the desired direction until it reaches a lo-

cation where the external energies dominate. In this paper,
we follow an expansion philosophy, in which we assume
that the interior of the region is relatively homogeneous.

Either of these cases creates a dependence on the initial-
ization because as the contour moves, it may pass through
a local minimum of the energy function. The original snake
algorithms and most subsequent ones find the minimum by
simple descent and therefore stop when a local minimum is
reached. In these cases, the algorithm designer attempts to
avoid local minima by making the convergence space
around the correct boundary as large as possible, by creat-
ing energy functions which do not have local minima near
the desired boundary. The user is tasked with finding an
initialization which is close enough to the desired mini-
mum that the algorithm will converge to that minimum.
Even techniques such as simulated annealing, which can
avoid incorrect local minima(5), ¢cannot do so unless the
search area includes the global minimum. Ensuring the glo-
bal minimum is included in the search may prohibitively
increase computational complexity.

The adaptive contour philosophy can be modified from
an energy minimization philosophy to one which models
the motion of the contour as describable by partial differen-
tial equation. The most popular current implementations of
this concept characterize the contour of the region as the
zero level set of some higher dimensionality function
which is modified over the course of the algorithm [6,7].

This paper describes an extension of the adaptive con-
tours concept which allows influence of image features in
a global rather than a purely local sense, by computing a
global vector force field. For clarity, we describe this con-
cept in terms of the original “snakes” formulation with a
discrete number of spake points; however the vector field
concept is applicable to level set implementations.
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3. Approach

Let X = {;j} i = 1,..., N denote a set of sites,
consisting of all the locations in the image, and let
S={s j}

which edges exist. Let e(sj) denote the edge strength at

J = L, ..., m denote the set of pixels at

;j , and similarly, let f(;,-) denote the brightness at image
point ;' . We can compute the Euclidean {or other metric)
distance from }: to E; am_] denote that distance by d[.j . We
woluld then model the attraction of edge point E:, ona snake

. - . .
point x; as a gravitationat field

E - e(sj)
i =%
ij

(1)

A snake point at f! then feels a net force vector from the

edges of
T S-x
— _ ,'_'j
E = Y Ejm—t )
h $,—X;
i=1 ¢ 7

Figure 1 illustrates an original image, its edge map, and
the horizontal component of this potential field. Figure 2 il-
. B

Figure 1 An image, its
edge map, and the
potential field.

ustrates the field in a CT cross section of a phantom con-
structed by suspending a grape in gelatin.

This methed requires that an edge map be computed
showing the edge strength at every point in the image. To

reduce processing time during segmentation, the potential
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field at each pixel can be precomputed. This field will have
both a magnitude and direction at every point.

The fundamental concept of allowing edges to influence
external energy from a distance can be included in any
model for snakes, so decisions about internal energy and
energy minimization techniques can be made based on
properties that have been widely discussed in the literature.
We allow force from the field to determine movement di-
rectly, rather than computing an energy for several candi-
date snake points and moving to the “best” point. Because
our external “energy” is now a force vector, we also need
to formulate the internal (shape-based) energies as force
vectors.

¥
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Figure 2 {left) CT section through a grape
suspended in gelatin. (right) horizontal field.

3.1. Internal forces

To incorporate smoothness constraints {internal energy)
we add two forces based on the shape of the contour. The
first pushes ¢ach snake point away from all other snake
points. This prevents multiple snake points from converg-
ing to a single strong edge. This force is inversely propor-
tional to the distance between points. If we let ¢; denote the
snake point at x; and let ¢;, be the x-coordinate of ¢;, then
the internal force at ¢, resulting from repulsion is:
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The second internal force
acts 1o minimize curva-
ture, by pulling a point to-
wards the line between its
two neighbors. Let ¢; 4,

¢;, and ¢;, , be three con-

secutive snake points, as
shown in Figure 3. Let

Figure 3 Force vector which
encourages smoothness is
perpendicular to the line
between neighbering snake
peints.

K be the unit vector nor-
mal to (¢; ;. ¢; ) as illus-
trated, with magnitude proportional to the distance d,.
When added to the edge field strength and the repulsive
force, this gives us a total force acting on a point of*
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F = weE'.+wlR,.+w2dkK %

where the w's are scale factors.

In reaction to this force, the snake point may respond in
a variety of ways, depending on the dynamics defined for
this system — it may accelerate, respond with an instanta-
neous velocity equal to the magnitude of the field, etc., with
the velocity as a function of the force. Using a dynamic
model which includes inertia and “damping” results in the
following update rule for the velocity of a snake point at it-
eration k:

gl f FT cav o

where we have dropped the i subscript for notational con-
venience. In eq.3 m and o are weights analogous to mass
and damping. Using a inertia-free model results in making
the velocity proporticnal to the force.

4. Refinements

The method we have described effectively achieves our
goal of allowing edge points to exert influence on the be-
havior of a snake at distances greater than the typical search
radius. However, it introduces a new problem: snake points
can be drawn by any edges, including those that lie on the
opposite side of the currently segmented region. If the
snake 1s inttialized in an off-center position, this can create
a sttuation where every point on the snake i1s pulled towards
the same side of the object.

. Figure 4 illustrates the need for a refinement. In that

Figure 4 Edge points
in the image are
illustrated by dark
lines. The initial
location of the snake,
illustrated by the
circle, is chosen to be
close to one of the
edges; so close that
the potential field,
illustrated by arrows,
on both sides of the
snake contour pull the
snake toward the
same edge.

e

figure, the potential field on both sides of the snake is dom-
inated by the left edge, and therefore, the entire snake, both
sides, are pulled toward the same edge.

We correct this with the following heuristic: if an edge
is on the other side of the snake, it does not affect the field.
Of course, determining what “on the other side of the
snake” means for arbitrary, nonconvex snakes is a signifi-
cant problem itself. We solve it by ray tracing:



Given a snake point L, and an edge point, ¥, calculate
the vector { - 3 . Trace along that vector from ¢ toward ¥,
and set a flag, INTERIOR to zerc. Let  denote a point
along that vector. Let (%) be a function which indicates

if % is at a point which is in the current interior of the snake.
Petform the following two tests:
if (W(x) = TRUE ) then set INTERIOR to 1.

if (('¥(x) = FALSE)} AND INTERIOR = 0), (the ray
tracing has been inside the snake and has now left) then
break out of the ray tracing and ignore this edge point.

The effect of this process is to allow edge points to in-
fluence a snake point so long as the ray from the snake
point to the edge point does not pass into and back out of
the interior of the snake contour. )

_ This refinement potentially increases computational
complexity. It is now necessary to keep track of ¥ (%), the
function which maps pixels in the interior of the snake. The
potential field at any point is dependent on the current ge-
ometry of the snake, so it is no longer possible (o precom-
pute the field for the entire image. If the snake requires a
large number of iterations to converge to the appropriate
boundary, the fact that field values are recomputed each it-
eration becomes significant. Computing the potential field
at an individual pixel is also more complex, since for every
edge point a ray trace is required to determine if that edge
lies on the opposite side of the snake from the pixel in ques-
tion. However, this increase in complexity is offset by the
fact that we only compute the field each iteration at a rela-
tively small number of snake points, rather than for every
pixel in the image. Let the number of snake points be n, the
number of iterations required for convergence be /, and the
number of pixels in the image be N. This modification to
the algorithm does not increase computation time until

ni>% (6)

where B is 2 number determined by the complexity of trac-
ing the ray between the snake points and the edge points.

5. Preliminary Results

As of this writing, the original and refined forms of the
potential-field snake have both been implemented on syn-
thetic and real data, including examples with non-convex
boundaries, using the inertia-free dynamic model. The ini-
tialization for the algorithm was a single user-defined point
about which a circular initial contour was generated.

The coriginal version performs very well when initialized
near center of the object of interest. As expected, it fails
when initialized too close to one edge of the object. The al-
gorithm converges to the correct boundary in many fewer
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iterations than a traditional snake. Also, the traditional
snake needs’to have an inflation bias in the smoothness
terms to allow it to find edges when initialized in a large
homogeneous region, while the potential-figld snake, when
initialized in the center of the object, can move into the
neighborhood of the boundary with just the influence of the
image-derived term. ‘

The refined version of the potential-field snake is able to
find the boundary even in the case of a very off-center ini-
tialization, as itlustrated in Figure 4. This version is actual-
ly faster than precomputing the field for the entire image
for the number of iterations required to find the boundary.

To date all experiments have been conducted using the
inertia-free dynamic model. Because the zero inertia model
was used, the snake obtains the boundary easily but oscil-
lates about that boundary. An animation of the snake evo-
lution under different operating conditions will be
presented at the conference.

6. Future Work

We are considering different dynamic models - combi-
nations of snake point velocity, acceleration, and damping
effects - on the evolution and ultimate solution provided by
the potential—field snake. We are also studying the effect
of varying the weighting given to each term in Eq. 4.

A thorough evaluation of sensitivity to noise, boundary
geometry, and occlusions is under way, and results will be
presented at the conference. This will include results from
real medical tmaging data.

Extensions to three dimensions have been implemented
but are not described in this paper.
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