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Abstract

In this work we propose a new statistic deformable model
that we call discriminant snake for 3D reconstruction in
volumetric images. Our discriminant snake generalises the
classical snake attracted by edge points, it deforms due to a
generalised contour representation. The snake selects and
classifies image features by a parametric classifier and each
snaxel deforms to minimise the dissimilarity between the
learned and found image features inside the feature space.
We apply our statistic snake to segment anatomical organs
and the results are very encouraging.
Keywords: statistic snake, principal component analysis,
Fisher linear discriminant analysis, supervised learning,
3D reconstruction.

1. Introduction

The 3D reconstruction of objects from volume images
is incresingly used in medicine and industrial applications.
Manual delineation of the region of interest on volume im-
ages is, at least, fatigous and very time consuming, which
has motivated the search for optimal computational tech-
niques. Among the wide variety of image segmentation
techniques, deformable models are receiving an special at-
tention, mainly in medical imagery, due to their ability to
interpret sparse set of features (e.g. edge points) and link
them to obtain object contours applying general assump-
tions about the contour shape [12, 9, 11].

The classical snake is an image feature technique that
uses energy terms defined from gradient features of global
interest to find the desired contour [7]. In most real ap-
plications such assumption is too strong. Different authors
suggest to combine the gradient-based potential with val-
ley and crest maps [16, 3]. However, on one hand, the best
way of integrating different features remains to be an open
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problem and in the other hand, these features are not selec-
tive enough yet. This leads to heuristical combinations that
enhance too many feature points that do not belong to the
object of interest, meanwhile others go unnoticed.

Constraints on shape have been proposed to compensate
this lack of selectivity. Hand-crafted parameterized tem-
plates, with few degrees of freedom have been used, for ex-
ample, for modeling features of faces [16]. More general
methods, as Fourier descriptors, have been used for rep-
resenting shapes in medical images [14]. Alternative ap-
proaches based on modal analysis have also been proposed
to constraint the model to deform only in ways implied by
the training set of shapes [4, 3].

Although shape models convey important information,
they are not the panacea; high accuracy techniques must
make the most of grey level information too. In line with
this idea, shape models and appearance models are com-
bined in face recognition [8].

Our approach based on the statistics ot the image features
(texture) offers an alternative to those approaches based on
shape statistics. We propose to use a bank of Gaussian
derivative filters of different scales as the generalization of
edge, crest and valley detectors, whose goal is to increase
the selectivity on the description of the target object. At
this point, the description of target image features is still
too general. It is neccessary to locally decide (learn) the
best way of combinig derivative degrees and scales in the
description of each contour part by means of a classifica-
tion vector. A supervised learning in conjunction with dis-
criminant analysis is carried out to characterize each con-
tour patch. Then a classifier is assigned to each snake patch
and the external energy is represented by the distance of
each snake point to the cluster of its target contour in the
corresponding feature space.

Our statistic snake approach is particularly of interest for
segmentation and tracking of objects in temporal or spatial
image sequences. The snake is able to learn the changes
in contour features inside each image as well as along the
image sequence in an adaptive way.

The paper is organized as follows: in section 2 we give
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a formulation of the snake as an energy-minimization tech-
nique, in section 3 we introduce our statistic snake based on
principal component and Fisher linear discriminant analy-
sis. In section 4 we give the results of applying our snake
model to the problem of segmentation in medical images
and finish the article by conclusions.

2. Snake formulation

A snake is an elastic curve (u(s)) that evolves from its
initial shape and position as a result of the combined ac-
tion of external and internal forces [7]. The internal forces
model the elasticity of the curve, whereas external forces
push the snake towards features of the image [7]. The ex-
ternal energy is generally defined from a potential fieldP :

Eext(u) =

Z
P (u(s))ds:

A typical potential for a snake attracted to image edge
points is given by [7]:

P (u(s))/ �jG� � rI(u(s))j (1)

where I(u) represents the intentisity value, andG� is a
Gaussian smoothing function of size�.

The potential must define a contour which minima corre-
spond, as accurately as posible, to the image features of in-
terest. The total energy of the snake is the sum of the exter-
nal and internal energies. The smallest energy correspond to
the desired contour. The minimization of the energy func-
tion is generally performed using variational principles and
finite difference techniques [7, 1]. Practical computations
demand discretization over time and space. In finite differ-
ence approximations, the curveu(s) is sampled at certain
points where computations are done. Methods like finite
elements and B-splines produce curves of high degree of
continuity and the features of each curve vertex are now
evaluated in its corresponding curve patch.

In the classical implementation, the external energy de-
fines global coarse features of interest which rest especi-
ficity. Next, we describe the formulation of the new gener-
alized and locally defined external energy.

3. Supervised feature learning

The feature spaces must be capable of representing any
image features of interest and each snaxel must be able to
distinguish between its corresponding contour target and
other structures (in particular, other parts of the contour or
contours of near objects). To that aim, the features are ex-
tracted by applying a bank of filters to the image and then
a learning process yields the relevant features to character-
ize each contour configurations and discriminate between

them. The different steps involved in the learning process
are described in the following sections.

3.1. Feature extraction and potential field

We use a bank of Gaussian derivative filters to character-
ize the objects of interest, that contains derivatives up to de-
gree three (variance of higher-order filters tends to be highly
correlated to the outputs of lower order filters [13]). Addi-
tionally, we consider different scales to a number sufficient
of characterizing all possible configurations, and of allow-
ing the snake to follow the traslation of the object of interest
in image sequences.

In general, it is useful to determine the response of fil-
ters at arbitrary orientations. As the directional deriva-
tive operator is steerable, we use a set of basis filters�
Gd(x; y; �; �k)

	d
k=1

for defining the derivative of Gaus-
sian of degreed at arbitrary angle�,Gd(x; y; �; �). Deriva-
tive of degreed can be obtained by the interpolation ofd+1
equiangular orientations. Given the basis functions for each
filter degree, filters at arbitrary orientations can be synthe-
sized by means of interpolant functions [6].

We defineGD�
as the filter bank with derivatives until

D degree andN� scales� 2 f20; 21; : : : ; 2N��1g. The
dimension of the bank of filters is:

dG = dim(GD�
) = N�

DX
d=0

(d+ 1): (2)

Note, for example, that ifD = 1 we have an edge detector.
Due to the high dimension of the feature space generated

by the bank of filters is necessary to reduce the dimension-
ality by eliminating non discriminat filter responses and to
weight the contribution of the remaining filter responses to
the classifier, as described below.

The relative importance of derivative features depends
on the task domain. It seems natural to perform a self-
training for reduction of the space and weighting the fea-
tures. We apply a technique commonly used for dimension-
ality reduction based on PCA [15].

Given the problem of segmentation, a set of N sample
image feature vectors on object-contour and non object-
contourfs1; s2; : : : ; sNg are chosen, taking values in an
dG-dimensional space, wheredG is the dimension of the
bank of filters applied to the original image. Each com-
ponent ofsi corresponds to the response of a filter (image
convolution by a Gaussian derivative). Looking for a cer-
tain contourk, each image featurej can be classified to one
of two clasesfCk; �Ckg, representing the pixels belonging
to the contourk and the complementary class (complemen-
tary contour parts and remainder scene). Our goal is to ob-
tain an optimal linear transformation that maps the original
dG-dimensional space into an1-dimensional feature space
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where the classification of image features is applied by mea-
suring the distance to the class center of the corresponding
learned configuration.

3.2. External forces by statistic classifiers

To map the originaldG-dimensional space into an1-
dimensional feature space we use Fisher linear discriminant
functions [5]. Applying FLDA the new scalar featurerj is
defined by the following linear transformation:

Fk : (pj1; : : : ; pjdG ) 2 P �! rj = V T
k Pj 2 R

whereVk 2 RdG is a vector that projects the features of
pixel j in R to give the similarity to the contour classk.
In order to find an optimal projection into a reduced feature
space where the distance between samples of classCk and
the remainder samples is maximized, we have to obtain the
best discriminant function.

PCA is used to reduce the dimension of the feature
spaces (one per patch) fromRdG to Rm. After PCA, we
only maintain them eigenvectors with largest eigenvalues
that retain the 95% of the sample variance.

The optimal projectionVk opt is defined as the vec-
tor which maximizes the ratio of the determinant of the
between-class scatter matrix of the projected samples to the
within-class scatter matrix of the projected samples [2, 5],
which can be obtained by means of a FLDA. As a result, we
obtain for each contour partCk:

V T
k opt = V T

k fldV
T
pca

where:

Vpca = arg max
Vk

jV T
k STVkj

Vk fld = arg max
Vk

jV T
k V T

pcaSbcVpcaVkj

jV T
k V T

pcaSwcVpcaVkj
;

whereSbc, Swc andST are the between class, within class
and total scatter matrices, respectively.

Each patchk of the snake curve has its own classifier
VCk that defines the image features it is looking for. The
scalar product of the mean feature vector�Ck of the patch
and the classifier vector gives the center of the classCCk of
points in the feature space that corresponds to the contour
patch of interest:

VCk = Vk opt

CCk = VTCk�Ck :

We define the local external energy of the snake by mea-
suring the similarity of the actual image featuresPf , in the
current location of the snake, to the desired contour config-
uration in terms of the distance from the projection of the
image feature vectorsPf to the class center:

DCk =
�
VTCk(Pf � �Ck)

�2
=
�
VTCkPf � CCk

�2
:

Figure 1. Samples of the segmentation of
coronary vessels in a IVUS image sequence.

As a result each snaxel interprets in different way the image
filter responses depending of the goal it carries (the contour
type it has learned in its previous stage).

Given the problem of the 3D reconstruction, when the
contour is delineated for a slice, its features are learned and
the curve and the classifiers are moved to the next slice. In
this way, the features of each class are updated and each
patch searches for specific features discriminating between
different objects and contour patches.

4. Results

In order to validate our approach we test our statistic
snake on IVUS images. As an illustrative example, Fig. 1
shows the segmentation in intermediate slices of a sequence
of 400 IVUS images of a coronary vessel. In these images,
some contour parts of the blood vessel are very difficult of
delineating even for a human operator. In that case we use
a model shape information that avoids severe changes be-
tween contours of adjacent slices when there are not cues
about the location of some contour parts.

To quantitatively evaluate the new approach, 5 experts
(e1; e2; e3; e4; e5) manually segmented images from two
different sequences of IVUS images. Model contours (M )
were computed as the average hand-crafted contours and
used as the ground truth segmentation. For each test image
(j), we computed the distance between each pair of con-
tours (eji ;M

j) and (Sj ;M j ), whereSj represents the con-
tour fitted by the snake approach in imagej. The distance is
characterized by its mean and variance (�d; s2) in pixels. The
average distance given but the snake is similar to the ones
given by manual segmentations (see Table 1). To objec-
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Table 1. t-test between the segmentations
provided by several experts and the snake.

e1 e2 e3 e4 e5 S
�d, s2 �d, s2 �d, s2 �d, s2 �d, s2 �d, s2

IVUS 1
1.77, 1.92 1.49, 1.28 1.51, 1.28 1.71, 1.43 1.43, 1.21 2.29, 2.59

IVUS 2
1.36, 0.96 0.97, 0.56 1.22, 0.69 1.22, 0.69 1.14, 0.69 1.63, 1.17

IVUS 1
e1/S e2/S e3/S e4/S e5/S

t 0.495 0.832 0.817 0.598 0.907
P-value > 0:2 > 0:2 > 0:2 > 0:2 > 0:2

H0 true true true true true

IVUS 2
e1/S e2/S e3/S e4/S e5/S

t 0.576 1.594 0.956 0.948 1.335
P-value > 0:2 > 0:1 > 0:2 > 0:2 0:2

H0 true true true true true

tively compare the segmentations of our approach with the
manual ones, we perform a statistical test. The hypothesis
to be tested, the null hypotesis (H0), is that there is non sig-
nificative difference between the manual and the automatic
segmentations. We use the Student’st test [10].

The average distance and variance from each contour
point to the model contour were computed in each image se-
quence and compared to the results provided by the snake.
We obtain theP -values from tabulated values [10] and de-
cide on the hypotesis truthfulness using the usual signifi-
cance level� = 0:05. In all the cases, the null hypotesis
was true, so there are not significant differences between
expert and snake segmentations (see Table 1). The aver-
age distance from the final contours, given by the experts
and our approach, to the ground truth segmentation and its
variance are very similar. The same discrepances found be-
tweenideal and the automatic segmentation, are also found
between the different manual segmentations.

5. Conclusions

The goal of this work is the generalization of the clas-
sical feature-based snake technique to reconstruct anatom-
ical organs in images of different modality. Given the fact
that object contour is rarely well defined by high gradient
magnitude location we integrate gradient and texture image
features chracterizing the contour obtained by a set of deriv-
tive filters with different scales (multivalued potential). As
a result, our model is a natural generalization of contour-,
valley- and crest-based snakes.

The presented snake applies statistic methods to learn
different contour configurations. The snake selects and self-
trains the image features that are locally best represent-

ing the object contour. A parametric external energy of
the snake is designed according to the fact that different
patches of the snake are looking for different parts of the
contour. As a result, the snake is more selective and robust
and avoids ambiguities in case of two or more, even similar,
objects close each other. We apply our snake to segment
medical images obtaining better results than original snakes
even in case of presence of near anatomical structures and
changes in the morphology.
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