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Abstract

In this paper, we show that existing shaped-based active contour models are not affine-invariant and we addressed the problem by
presenting an affine-invariant snake model (Al-snake) such that its energy function are defined in terms local and global affine-invariant
features. The main characteristic of the Al-snake is that, during the process of object extraction, the pose of the model contour is dynamically
adjusted such that it is in alignment with the current snake contour by solving the snake-prototype correspondence problem and determining
the required affine transformation. In addition, we formulate the correspondence matching between the snake and the object prototype as an
error minimization process between two feature vectors which capture both local and global deformation information. We show that the
technique is robust against object deformations and complex scenes. © 1998 Elsevier Science B.V.
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1. Introduction

Deformable templates [1-5] have been developed to
detect and to locate objects which have been distorted
due, for example, to changes in viewing geometry. As a
deformable model, the active contour model (snake) has
been successfully applied to a variety of problems such as
the detection of edges and subjective contours [5], motion
tracking [7] and segmentation of magnetic resonance
images [6]. The general snake model uses smoothness con-
straints to restrict its solutions to the class of controlled
continuity splines. However, when prior knowledge of
shape is available for a specific application, information
concerning the shape of the desired objects can be incorpo-
rated into the formulation of the snake model. In the follow-
ing, we will briefly review current status of shape-based
snake models and note that none of them are really affine
invariant.

The active shape model [4] was built by learning patterns
of variability from a training set of correctly annotated
images, and used as a snake where the points’ movement
was controlled to satisfy some shape constraints. Amano et
al. [8] used a sample image and a sample contour to define
the internal energy terms of snake, so that the detected con-
tour would be the same as or close to the sample contour
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model. Similarly, Radeva and coworkers [9,10] formulated
the internal energy of the snake by the model contour, trying
to preserve the model shape. The generalized active contour
model (g-snake) [11] incorporated a shape matrix as a prior
model to create bias towards a particular type of contour.
Although the shape matrix was proven to be affine transfor-
mation invariant, it should be stressed that the g-snake was
not an affine invariant model. Wang and Wang [12] used a
set of imaginary springs to enforce the consistency in the
position, orientation and/or curvature measurements of the
elastic grid and the desired shape.

As deformable models do not by themselves provide a
method of computing canonical descriptions for recogni-
tion, or of establishing correspondence between sets of
data [13], when applying shape-based snakes, two funda-
mental problems must be solved. Since we cannot guarantee
that the initial poses between the object and prototype model
are similar, before the snake model can be used to extract
object boundary from a complex image, correspondence
between the initial snake and the prototype (shape model)
must be established. More importantly, while the snake is
searching for, or tracking the object of interest, its shape will
be repeatedly deformed in order to compromise itself
between the image data and the model. Consequently,
correspondence between the snake contour and the
prototype (shape model) must be frequently re-established,
and at the same time the prototype (shape model) should be
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automatically affine-transformed to best fit the currently
deformed snake contour.

Given the above problems concerning the shape-based
snake, the contributions of this paper are two-fold: (a) we
present the development of a model-based active contour
model (Al-snake) which is affine-invariant; and (b) we pro-
vide efficient solution for establishing correspondence
between data and the shape-model based on affine-invariant
local and global feature vectors defined for each point of the
snake contour. We demonstrate that the approach is robust
for highly cluttered scenes and significant deformations
between data and model.

In Section 2, we first show that features based on areas
formed by successive points (or snaxels) along a contour are
affine invariant and then present a model-based affine invar-
iant snake (Al-snake), such that the erergy functionals of
the Al-snake are defined in terms of these features and show
that the resulting snake model is also affine invariant. An
efficient algorithm for correspondence establishment
between a snake contour and a shape prototype is presented
in Section 3. In Section 4 we apply the Al-snake for model-
based object segmentation and tracking for highly complex
scenes.

2. An affine-invariant model-based active contour model
(Al-snake)

The active contour model integrates model-driven and
data-driven analysis through the deployment of an energy
function and a set of regularization parameters. The energy
function consists of two basic comporents: the data-driven
component and the model-driven component. The former
usually depends on image data, while the latter uses prior
knowledge of the shape model of the desired objects. In the
following, we will first develop an affine invariant feature
which will form the basis of our affine-invariant snake
model and then present an affine-invariant energy function.
We provide an efficient solution to the correspondence pro-
blem in Section 3 since it is necessary for model-based
segmentation using the Al-snake.

2.1. Affine invariant feature—area

The affine invariant feature here is developed by analys-
ing the property of curvature. As a local representation,
curvature is able to carry information at varying resolutions,
and it has been applied to shape matching [14], shape ana-
lysis {15] and object recognition [16~18]. Curvature is
invariant under rotation and translation of the shape, and
can easily be normalized with respect to scale changes.
However, curvature is not invariant under affine transforma-
tion. Accordingly, the original snake model, where the inter-
nal energy is defined by using the traditional definitions of
curvature, cannot be an affine invariant model as shown in
the following section.

2.1.1. Curvature is not an affine invariant feature

In the Cartesian coordinate system, we may represent a
curve (or shape) C by the parametric equations
r(t) = [x(t), y(1)], where ¢ is the parameter of this representa-
tion. The curvature k(¢) of the curve C is defined as
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Letting s represents the arc length of C, we then have
(ds)? = (d0)° + (dy)*

In this case, the expression of curvature k(¢) can be rewritten
as follows:
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and dist:(ds)‘. Later we will show that, under an affine
transformation, the value of ang is linearly transformed
while at the same time the value of dist is non-linearly
changed. That is, ang, when appropriately normalized is
affine invariant, while dist could not be affine invariant.

Let C'=[u(r), v(7)] represents the affine-transformed
version of the curve (or shape) C. Their relationship can
be expressed by
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From Eq. (2), we can obtain
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This expression tells us that, if a curve [x(7), y(f)] is affine
transformed to become another curve [u(7), »(7)], then the
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value of ang is simply linearly increased by a factor of

(ajyax; — apay). That is, ang when appropriately normal-

ized is affine invariant. A by-product of Eq. (3) is the con-

cept of ‘affine length’, defined as *\/x(t)y(1) — y()x(r) dt,

which has been used as a locally affine-invariant parameter

in Refs. [19-22]. :
Similarly, from Eq. (2), we can obtain

du a ap||dx
dv] ax axy]|dy

and further produce

dist = ((du)* + (dv)?) ™

2 .2\ 372
= ((aydx + a;dy)” + (ay,dx + andy)’)
This expression implies that the value of dist is non-linearly
changed under affine transformation, and therefore dist
could not be affine invariant except when the scaling para-
meters on both dimensions are identical. This observation
also leads us to conclude that the g-snake [11] is not affine-
invariant.

The above analysis clearly indicates that the curvature of
a curve and the Euclidean distance are both not affine
invariant, while ang when appropriately normalized is an
affine invariant quantity. This leads us to adopt ang as
the basis for formulating new energy functionals of our
Al-snake in Section 2.3 and Section 2.4, and for defining
an affine-invariant feature vector for each feature point loca-
lized on the object boundary for solving the model-data
correspondence problem in Section 3.

2.1.2. Area obtained from curvature is an affine invariant
feature

In the following, we will show that the expression
(1/2)ang is in fact the area of a triangle defined by three
vertices of the digital curve C. This expression will be used
later as the basis of the energy function of our Al-snake.

The first and second derivatives of x{(f) and y(r) with
respect to ¢ can be approximately written as

dx(¢) - x(t) —x(t — At)
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Using the above approximations, we can obtain
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This expression indicates that the value of (1/2)ang repre-
sents the area of a triangle, formed by three vertices:

(x(r —2-A1), (1 — 2-A1)),
(x(t — A1), y(r — Ar)) and (x(1), ¥(1)).

In fact, the area of any triangle can be made affine invar-
iant. Let area, , , be the area of a triangle, whose three

vertices  are (x(t,),y(tl)), (x(tz),y(tz)) and (x(t3),y(t3)).
That is

x(t))  x(t)  x(t3)
() ¥n) y(t)
1 1 |

1
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If we use Eq. (2) to express the relationship of the affine
transformation between two curves C and C’, the areas of
the same triangle before and after any affine transformation
are related as follows:
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The above expression indicates that the area of any triangle
when appropriately normalized is affine invariant.

2.2. Formulation of Al-snake energy functionals

A snake Cgyy. i1s defined as an ordered set of points,
commonly called snaxels, {V;li=1,2,...,N}. Each V,
defines the corresponding position (u,v;) in the image
plane. The total energy of a snake is the weighted sum-
mation of several particular energy terms. The number of
the particular terms is dependent on the application. For
our purpose, the energy function of the snake is defined as
follows:

Enake = Esmooth T Emmodel + Egata

where

N N
Emooth = Z €smooth(Vi)s Emodet = Z emodel(V;) and

i=1 i=1

N
Eqa= 2. eanalV))

i=1

The energy of the snake, Eg., consists of three energy
terms: the internal energy term E oo the model-based
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energy term £, and the external energy term Egy,,. The
internal energy term E .o €nforces smoothness along the
snake, while the constraint energy term £ 4.1, encodes the
prior shape model of the desired objects, and hence con-
straining the snake to be of similar shape to that of the prior
model. The external energy term E g, usually defined in
terms of image intensity gradients, forces the snake to move
towards image features.

Since the energy minimization process of the snake
model is usually carried out iteratively, an initialization
for the snake is required. Basically, the initial snake should
be near to the desired boundary, otherwise the snake may be
trapped by local energy minima and give an undesired solu-
tion. The method of initializing the snake depends on the
applications. For some applications, the original snake has
to be interactively initiated by user, while for other special
applications the initialization process can be completed
automatically [11,23.24].

Once a snake model has been defined and its initial snake
has been given, the process of extracting object from the
complex image becomes a process of minimizing the snake
energy. In the literature, many different approaches for
minimizing the snake energy have been reported, e.g. finite
difference method [5], finite element mathod [25], dynamic
programming [26], greedy algorithm [27] and neural
network [28]. These approaches all have a trade-off
between the quality of the solution and the computational
complexity.

2.3. Internal energy functional-—an affine-invariant
smoothness constraint

In the original snake model, propesed in Ref. [5], the
internal energy of the snake is composed of two energy
terms: the continuity term and the curvature term. The con-
tinuity term is defined on the first derivative of the snake for
controlling tension of the snake, while the curvature term is
defined on the second derivatives of tae snake for control-
ling the smoothness along the snake. Since the original
energy formulation has the undesirable property that the
snake has a tendency to shrink [S] or expand [27], several
methods [29.30] have been proposed to overcome this pro-
blem. Although some of the energy formulations are scale
and rotational invariant, none of the formulations reported

to date are affine invariant. This is beacuse the original
definition of the curvature is not affine invariant as shown
in Section 2.1.

In addition, as indicated in Section 2.1, the area of a
triangle, when appropriately normalized, is affine invariant
and here we define the curvature of a point on the curve in
terms of the area formed by the point itself and two other
points lying on the same curve.

Let the area of the ith triangle area; be defined by three
consecutive points, V;_;, V;, and V,., along a curve as
shown in Fig. 1(a). The necessary and sufficient condition
for the area of the ith triangle to be zero, i.e. area; =0, is
when the three points are co-linear. There are three possible
situations for area; =0, which are shown in Fig. 1(b) and
(c). For the two situations shown in Fig. 1(c), the point V; is
not located in between V., and V.

However, the effects of the other energy terms and the
searching direction for each snaxel, as shown in Fig. 1(a),
which is made to move towards the domain between V,_,
and V,,,, prevent the two possibilities in Fig. 1(c) from
occurring,.

Based on this idea, the internal energy term for enforcing
smoothness of the snake is defined as

- N
E oo = Zi = 1€smooth (V)
|area;| AREAqa

esmooth(vi) =

AREAnow ldl
2
where
Uiy U Uiy
\
(lre(l;zz Vi v; Vg

AREA ,,, is the total area of the snake in the present itera-
tion. It can be calculated by using

| N Ui Uiy Ucent
AREA oy = E Z Vi Vigl  Veent

i=1
1 1 1

where the point (Ueen, Yeem) 18 the centroid of the current

Searching direction V., Vi v,
V/—I V: Vi+\ / f.
@
Vi Vo Vi
(b) (©

Fig. 1. Notations used for formulating E oot
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Fig. 2. The relationship between the snake and the aligned prototype.

snake, that is,
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AREA 4 is the total area of the prototype (shape model),
and d is a constant representing the average inter-snaxel
distance measure of the prototype. It follows from the con-
clusion drawn in Section 2.1 that £ . is invariant to affine
transformation.

2.4. An affine invariant energy term for specifying the prior
model

The prototype Cprowrype is defined as an ordered set of
points, {W,li=1,2,...,N}, and W;=(x;,y;). The snake
Cake €an be seen as the deformed and affine transformed
version of the prototype Cprowype- Based on the method to be
described in Section 3, we can determine the correspon-
dence between the prototype Cproarype @and the snake Cipape-
To simplify the description of the analysis, we assume for
the moment that the (labelling) order number of the points
on the snake Cy. and that on the prototype Cprorype are the
same. That is, the point on the snake Cg,,. which corre-
sponds to the ith point W; = (x;, ;) on the prototype Cprototype
has been defined as the ith snaxel point, V, = (i;, v;). Let A
be a 3 X 3 affine transform matrix that relates the
prototype and the snake, the evolution of the snake can be
guided by the aligned prototype, Cjjigneq- The set of points

on the aligned prototype,  Ciligned {W'allgned
aligned _ aligned . \
Oy L #i=1,2, ..., N}, can be obtained by
x?ligned x;
y{iligned =A i
13
1 1

such that the point W2En! — (xligned \aigned) oo responds to

the point V; = (u;, »;). That is, the point correspondence is
kept fixed. To make the shape of the snake similar to the
prototype, we expect that the relative distance between each
point on the snake and its corresponding point on the aligned
prototype Cjignes is small. Typically, the model-based
energy functional is often defined by using the Euclidean
distances, which will make the model-based energy term

non-linearly changed under the affine transformation.
Since the area of a triangle, when appropriately normalized,
can be made affine invariant, we define the model-based
energy functional using area-based features. From
Fig. 2(a), we know that the process of making V; close to
waliened is equivalent to that of making the total areas of the
triangle Awahgnededllgned and the triangle A pralienedy yyalgned close
to zero. The energy functional E .. can therefore be
defined as follows:

N
Ernodel = Z €modet (Vi)s

i=1

such that

S +|S gysligned . paligned
i

aligned aligned
W/ -1 Vi W i+t

AREA 4

rodel(Vi) =B AREA,.. 7

where |S allgnedeahgnedl and |S dllgncdeallgn:dl are the areas of
the tnangle T and the tr1ang1e Ay aiigned,, sl
respectively. The' definitions of AREA 10w, AREA mg ‘and d
have been given in Section 2.3. If the summation of
M allgnedealxgnedl and ISWahgnedeahgnedI is zero, then the ith
point' V; of the snake is pushed onto the Pomt waliened n
particular, if the three points W&, W™ anq wigred
are co-linear, then the sum of l‘» allgnedeahgnedl and
lswalngnedeallgnedl will be zero only if the’ pomt 'V, is also
located on the same line [Fig. 2(b)]. Even for such cases,
our definition of the model-based energy functional remains
valid, since our goal is to align the points of the snake onto
the prototype.

2.5. The external energy

An energy term based on the magnitude of the image
gradient [5] alone does not provide enough information to
guide the snake to move towards the desired object. This is
particularly true- when the image contains much confusing
edges. To overcome this limitation, the directional informa-
tion of the gradient has also been considered [23,29-32].
For each snaxel, the external energy is defined as the dot
product of the normal vector of the snake with the direction
of the gradient, weighted by the magnitude of the corre-
sponding gradient. Similarly, our external energy based on
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the image data constraint is defined as

N
Egaa = Z egara(Vi)

i=1
such that
egaa(vi) =¥ (1 = [VI(W) |- In(V;)-h(V))])

where |VI(V})] is the magnitude of the gradient on snaxel V;,
and h(V)) is the direction of the gradient. n(V,) is the normal
vector of the snake in a given snaxel V,, directed towards the
snake interior.

0 -1
n(V)= { }
1 0

X Vi*Vi-l Vig1— -Viy
W,—v_ v, = vu nv Vv, |l
1+I
\lv,+l-v||

In summary, the final energy form of our Al-snake model
can be defined as

u i larea;] AREApg
snake AREAnow l d2
2

lS“,'aEgIned v Wfahgned l + |Swluhgned V, Wia}ig,ned ‘
AREA,.,

i=1

N
+8Y

i=1

AREA S
._7@g+.y > (1= VIV n(V)-h(V)))

i=1

where a, 3 and vy are the set of regularization parameters.

3. Solving the correspondence problem between the
snake and the prototype

The most common approach of determining the corre-
spondence between sets of data is to find distinctive local
features. Local features, such as geometric invariants [33],
corners [34] and curvature [35], are less sensitive to occlu-
sion. However, local features are sensitive to noise, unless a
multi-scale framework is suggested [17,18]. Usually, the
amount of local information is insufficient for robust match-
ing. Furthermore, from Section 2.1 it is clear that curvature
is not suitable as a local feature for detecting correspon-
dence between two shapes under affine transformation. As
a new method, modal matching [13] described objects in
terms of generalized symmetries, which were defined
by each object’s eigenmodes. Since modes provide a
global-to-local ordering of deformation, this approach
allowed for selecting the appropriate types of deformations
that were used in object alignment and comparison. However,
the technique is computationally expensive since it requires
the computation of eigenmodes and their interpolation.

Here, we present a much more efficient process of estab-
lishing correspondence between two shapes and develop the
equation for determining the affine transformation relating
the two shapes.

3.1. Feature vectors for point correspondence

3.1.1. Formulation

Based on Section 2.1, we here design a feature vector
for every feature point of the given contour. Let
{1, y1), (2, ¥2), ..., (xy, yx) } be the set of feature points
representing the given contour C. These feature points can
be extracted directly from the sample points, which are
evenly distributed along the given shape. To make feature
points robust to noise, we take the same number of points
from both sides of a sample point and average them to
obtain a feature point. For the sake of discussion, N is
assumed to be a odd number. For the ith feature point
(x;, ¥:), its corresponding feature vector is defined as:

| Ki-jy X Xa+p
3 Yi-p Yi Yi+)
1 1 1

Fi= [flifZi"'fMi]T’ and f;; =

where

oMol
2

Notice that x; = x(; £ ayyen a0d y; = y(; 4+ 2man» €specially for
i, j < 0ori,j> N. This transformation is suitable for other
variables such as these ones. fj; is the area of a triangle
defined by (x;_j),Yu-p) (xiy:) and (x4, y45)- It can
be seen that f; expresses the local feature of the contour
as the value of j is small, while f;; represents the global
feature of the contour as the value of j becomes large. How-
ever, when the value of j is close to M, f;; begins to express
local features again. In summary, the elements in the feature
vector F; can be broken into three groups: local features,
global features and local features. That is,

F;= |f .. fu(local features) f ...f;(global features)
li

(k+ i

T
X f .. fui(local features)}
(+ i

Since the affine transformation will make the feature vectors
change from F; to (@) as, — a;2a5))F;, i=1,2,...,N, these
feature vectors have to be normalized before they are used
to establish the correspondence between two shapes. We
suggest using the following normalization:

F;
s5

In this way, point correspondence between two shapes can

k=
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natural axis

Fig. 3. ‘Sun-liked object’.

be conveniently determined. Assume that the curve (shape)
C’ represents the curve (shape) C under an affine trans-
formation, and that two feature sets containing the affine-
invariant feature vectors for the curve C and the curve C’
are {IA",~, i=1,2,...,N} and {F’i, i=1,2,..,N}, respec-
tively. In this case, the task of determining point correspon-
dence between two curves becomes one of searching for an
optimal match of the feature vectors between two feature
sets. If (i + w)th feature point of the curve €’ corresponds to
the ith feature point of the curve C, then we expect the feature
vector l’i"(HQ) be identical to the feature vector Fi. That is

E;,= (Fl(i+w) - ﬁE)T'(F'(H»w) - ﬁi) =0

where w is a positive integer. Unfortunately, since there
always exists noise and deformation on the given shape, it
is usually not possible for E;, to be zero. Practically, we
seek to minimize the total matching error E,. That is

E

ws

min
wE(0,1,2,....N—1}

such that

N N
A, AT /a, N

E,= Zl E; ,= Zl Fitwy—F) (Firw—F)

In general, since the number of feature points for the given

curve is not too great, it is computationally feasible to cal-

culate exhaustively all the £, w=0,1,2,..,N—1, to

3.1.2. An accelerated algorithm

However, as stated in Section 1, when applying deform-
able model to object segmentation in an iterative process, it
is necessary to repeatedly establish correspondence between
the current snake and the prototype. Hence it is extremely
useful and also necessary to formulate an even more com-
putationally efficient method to determine correspondence.

For the feature set {f‘,,i: 1,2,..,N}, we design a
corresponding ‘sun-liked object’ (Fig. 3). This ‘sun-liked
object’ is composed of N radiating lines. The length and
direction of ith radiating line are, respectively, defined as

- 2
length; = \/ B! -F, and 8, = W”(i— ) fori=1,2,..,N

Then the natural axis of the ‘sun-liked object’ can be defined
as a vector, whose starting point is the origin O and ending
point is the object’s weighting centre. The weighting centre
(Xcentres Yeenure) 18 calculated by

N N

Xeentre = z length;- cos(8;), Yeenyre = Z length;- sin(8;)
i=1 i=1

Once the natural axis of the ‘sun-liked object’ is detected,

the feature vector F, will be regarded as the starting feature

vector. Here a is a positive integer, defined as

¢

— XN

2w

a= +1

where ¢ is the counterclockwise angle between the x-axis
and the natural axis of the ‘sun-liked object’.

Similarly, the starting feature vector of curve C’ can be
detected. Let I:’a be the starting feature vector for the curve C
and ' » be the starting feature vector for the curve C’. Then,
we consider that the ath feature point on the curve C corre-
sponds to the bth feature point on the curve C’, and in the
absence of noise E, _,, is the minimal value among the set
of {Eg,Ey, ... Ey_y}.

In practice, the directional angle of the natural axis may
be slightly affected by noise or there may not be an unique
natural axis for some objects. This way, we can determine
the optimal match by local searching from an ordered
sequence of E,,w=0,1,2,...,.N—1, ie. the set of

obtain the optimal solution. Ep_asjpj=0, 21, £2,.., % LV_;.l Once the current
Prototype P\
Aligned prototype P
a shape under viewpoint change
@ ®) © @

Fig. 4. The prototype airplane P, aligned with three different views of itself. The curve in (a) represents the prototype of airplane P,. In (b)—(d), the thick
curves are the aligned prototypes, while the thin curves are the shapes under different views.
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Prototype P>

\

(a) (b)

(©) (d)

Fig. 5. The prototype airplane P, aligned with three different views of itself.

Prototype P:

(a) (b)

() (d

Fig. 6. The prototype airplane P, aligned with three very different views of itself.

matching error E, . ;) is less than the pre-defined per-
mitted error, the searching process can be terminated and
the point correspondence can then be established by regard-
ing the ath feature point on the curve C as the corresponding
point of the (b + jg)th feature point on the curve C'.

For the objects tested in our experirnents, the correspon-
dence between two curves is usually established by calcu-
lating only a small number of E,. For examples, the number

calculated for Fig. 7.

3.2. Determining the affine transform

the curve C’ corresponds to the ith feature point (x;, y;) of the
curve C. Our objective is to obtain the affine transform matrix
A making the error equation &£, minimal.

ay ap b

ea=10" —A-QI° where A= | ay, a»n b |,

o . . 0 0 1
of feature points used in Figs 4—7 is 51, that is, N = 51. Less )
than five matching errors (E,) are calculated, respectively, X X3 .. .. Xy
for Figs 4-6, while less than 11 matching errors (£,) are
Q =1 Y2 .. .. YN and
R T
'u1+jn Uppjy  oor oee uNHOT
Once the correspondence between two curves has been
established, it is straightforward to determine the affine trans- Q' = [vi4j, Vasjy - - VN4
form which relates these two curves. Without loss of general- q ) i
ity, assumed that, the (i + jo)th feature point (u; .., ;1 ;) of L .
Prototype Pi Prototype P:
Prototype Pa

Aligned Prototype P2

Aligned prototype Py

Aligned prototype Pi

Fig. 7. Three different types of airplane images aligned with each other.
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The solution is A = (Q'-Q"}(Q-Q") ~'.Since Q-Qrisa3 X 3
matrix, it is easy and fast to obtain its inverse matrix. Hence,
the calculation of the affine transform can be completed
quickly.

4. Experimental results

We present two independent experiments to demonstrate
the efficiency of the proposed methods. One set of experi-
ments is focused on the detection of the correspondence and
the affine transformation between two shapes. We do this by
first matching an identical object under different views, then
showing the robustness of the approach by matching shapes
from different object prototypes. The other set of the experi-
ments demonstrates the performance of our Al-snake. We
do this be applying the Al-snake to segment and track
objects from complex scenes.

4.1. Experiments on view-prototype alignment based on
correspondence matching

In our experiments, three types of airplane images are
used. They are airplanes P, P, and P5, shown in Figs 4—
6. The number of the feature points is 51, that is N = 51.
Figs 4-6 demonstrate the ability of our method in determin-
ing affine transform that relates with two shapes from the
same class. Notice that shapes in Fig. 4(a), Fig. 5(a) and
Fig. 6(a) are three prototype airplanes. Additionally, Fig. 7
gives a demonstration of the robustness of our technique

(a)

(d)

in determining affine relationship of two very different
shapes.

Thr shape in Fig. 4(a) is the prototype airplane P,. In
Fig. 4(b)-(d), thin curves represent the different views of
the prototype P, while thick curves are the aligned proto-
type airplanes. The meanings of curves in Fig. 5 are similar
1o those in Fig. 4. The views shown in Fig. 6 are drastically
different as they are obtained from very different viewing
angles. However, the matching results are also satisfactory.
Three different prototypes in Fig. 4(a), Fig. 5(a) and Fig. 6(a)
are aligned to each other. The results are shown in Fig. 7. It
is easy to see that the proposed technique is robust even for
such situations.

4.2. Experiments on the Al-snake model

Here, we evaluate the performance of the Al-snake
model. Experiments have been carried out on two types of
grey-level images, a still image and a video sequence. Fig. 8
shows a still image with a plane located among complex
boundaries. Fig. 9 shows the frame images containing a
moving tennis racket among highly complex and cluttered
boundaries. For the still image, the initial snake is initialized
interactively, while for the frame images, only one initial
snake for the first frame image is input. For both cases (i.e.
airplane segmentation and racket tracking), the shape model
guides the Al-snake to extract the desired object, while at
the same time the intermediate snake contours influence the
shape model by causing it to deform via affine transforma-
tions and aligning itself with the snake contours. In other

()

Fig. 8. Extraction of an airplane against highly cluttered background: (a) prototype airplane; (b) original image: (c) edge magnitude; (d) initial snake and the
aligned prototype; (e) intermediate step with the snake contour and the presently aligned prototype: (f) final boundary.
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(c5)

words, there exists interactions between the shape model
and the snake contour throughout the object extraction
process.

Fig. 8 demonstrates the feasibility and the robustness of
the model-based Al-snake in extracting the desired objects
from complex scenes. The shape model of the airplane,
taken from one standard image, is given in Fig. 8(a). We
expect to use this shape model to guide the process of the
object extraction from the grey-level image shown in
Fig. 8(b). The edge image of Fig. 8(b) is given in Fig. 8(c).
The initial snake, shown in Fig. 8(d), is input by a user. In
order to see the snake contour clearly, we have linearly
compressed the total grey-level of the original image from
255 to 128.

Once the snake is initialized, the prototype airplane
aligned itself with the current snake. The aligned prototype
is shown as a thin curve in Fig. 8(d). Notice that the aligned
prototype fits the snake very well. Subsequently, the snake
begins to move on the image, guided by the aligned proto-
type via the usual snake energy minimization process. We
use the greedy algorithm for the energy minimization.
Fig. 8(e) shows an intermediate step during the evolution
of the snake, where the thick curve represents the snake
while the thin curve represents the presently aligned
prototype. After 25 iterations, the snake becomes stable

(c7)“

Fig. 9. Tracing the moving and deforming tennis racket among a complex scene sequence: (a) prototype tennis racket; (b) typical edge map of the frame
images; (c1)—(c7) tracking results for the deformed tennis rackets.

and the segmentation is completed. The result of the object
extraction is shown in Fig. 8(f). Although the input image
contains significantly cluttered background and confusing
edges, the outline of the airplane has been extracted
correctly.

Fig. 9 shows a demonstration of tracking a deforming
tennis racket from the complex scenes. We evenly samples
14 frame images from a video sequence. A typical edge map
of these frame images is given in Fig. 9(b). One can easily
appreciate from these images that the images are rich in
textures and the problem of tracking the desired tennis
racket is a difficult one. The shape model (prototype) is
depicted in Fig. 9(a). We initialize the snake for the first
frame only. For the subsequent frame images the tracking
result of the previous frame is used as the initial snake of the
current frame. Once the initial snake is known for a frame
image, the process of object extraction is the same as the
process described for Fig. 8. We show here only half of the
frame images (seven frame images) with the tracking results
in Fig. 9(c1)~(c7). These seven frame images are the odd
frame images of the 14 frame images processed. Although
there exists significant deformations between the two tennis
rackets seen in neighbouring frame images, the proposed
method succeeds in correctly tracking the desired object
through the complex scene sequence.
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5. Conclusion

In this paper, we have formulated an affine invariant
snake model (Al-snake) for model-based segmentation
and presented an efficient method of establishing the corre-
spondence between the model and the data.

In particular, we show that existing shaped-based active
contour models are not affine-invariant and we addressed
the problem by developing local and global affine-invariant
features which form the basis of our Al-snake energy func-
tionals. In the process of object extraction using the Al-
snake, the correspondence between the prototype and the
snake contour is first established, the prototype is then
aligned with the current snake contour based on the esti-
mated affine transformation. Subsequently, the snake move-
ment is guided by the aligned prototype through the usual
snake energy minimization process.

The key issue of correspondence matching between the
snake and the object prototype in model-based segmentation
has been formulated as an error minimization process
between two feature vectors which capture both local and
global deformation information. Since the local features
describe the local deformations of the object and the global
features describe the global deformations of the object, the
proposed method is very robust to object deformation and
disturbing noise.

Experiments which demonstrated the proposed method of
correspondence matching, object extraction and tracking
using our Al-snake have shown the efficiency and the effec-
tiveness of the techniques.
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