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or other artifacts. Nevertheless, medical
image processing must be reliable and re-
producible to significantly support diagno-
sis or research. Hence, robust and efficient
active contours for general purpose are still
missing (5). Automated segmentation – as 
important as it may be – still lacks robust
realization (6). The well established snake
is the basis for new developments, e.g. (7)
and remains the reference to evaluate 
models that are developed more than ten
years later, e.g. (8).

Surveys on model-based segmentation
usually are focused on certain fields of ap-
plication, e.g. (9, 10, 11). Mostly, they pre-
sent the field of research top-down, guided
by some particular examples and hence,
they show ambiguities among each other.
A detailed bottom-up classification of 
methods, which is required for the design of
medical applications, is not provided.
However, two elemental groups of model-
based techniques are recognized (12):
● Active contour models have a preferably

high degree of freedom in order to 
represent any possibly desired object
contained in an image.

● Shape-based models represent an a-
priori defined class of objects with pre-
ferably few degrees of freedom.

An overview of shape-based models 
including the active shape pioneered by
Cootes et al. (13) and other shape represen-
tations with few degrees of freedom like de-
formable Fourier models, e.g. (14) is given in
(10).

Objectives
This paper is focused on the design of 
active contours for medical applications.
Useful categories are provided for systema-
tical classification of methods. In each of
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Introduction
Model-based segmentation methods are
commonly used in medical imaging. In con-
trast to pixel-, edge-, texture-, or region-
based methods, the model-based approach
is capable of including a-priori knowledge
that significantly increases robustness.
Model-based segmentation consists of two
parts. First, a more or less strict assumption
is selected to describe relevant objects. This
description uses an abstract representation
of the object to be segmented and defines
its data structure. Subsequently, model-
based segmentation is the search for the
specific instance of the model, which best
explains the image values (1). Therefore,
the second part of model-based segmenta-
tion is the algorithm used to determine this
specific instance.

One early and well known method of
model-based segmentation is the “snake”
introduced in 1987 by Kass,Witkin and Ter-
zopoulos (2). Snake-based segmentation
optimizes a list of vertices so that these ver-
tices are positioned at high local gradients
in the image and that the contour’s first-
and second-order derivatives are small.The
a-priori knowledge available for this model
are coherence and smoothness of object’s
borders and occurrence of significant chan-
ges in image values at its borders.

Development of model-based segmen-
tation has taken place for more than a de-
cade (3). Many – it seems far too many –
models have been presented in the literatu-
re. In particular, active contours are often
applied to medical images because they are
capable of successfully operating on this 
type of data (4). In medical imaging, ob-
jects of interest have a large variability of
shape and appearance. Their contours are
often disturbed by noise, partial occlusions,
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the unambiguous categories, general cha-
racteristic properties are derived and 
examples are given. This enables both user
and developer to design the best suited me-
thod for a certain application. This goal is
accomplished by characteristic references
denoted “,e.g. (x)” although we do not aim
to provide a complete survey of model-
based segmentation.

Categorization 
of Active Contour Models
Figure 1 presents seven distinct categories,
which describe the properties of model-
based segmentation methods. Most of them
are separated into sub-categories with 
unambiguous instances.

General Purpose of Segmentation
Segmentation is the basis of image analysis
systems and the general purpose of the 
system mainly determines the superior 
model. However, the goal itself is often not
taken into account when a model for seg-
mentation is selected and implemented.
Vermuri and Guo have identified three in-
stances in this category (15).

In some applications, the selection of
structures is required for their presentation
to the user or physician. Here, coherent and
smooth structures are of major interest
(16). Depending on the method of visua-
lization, this is possible without the deter-
mination of location and contour of objects.
A segmentation prior to visualization al-
lows to correct errors from pixel classifica-
tion, which, for example, are inherent to 
volume-based visualization.

Usually, objects are described by their
mean position and, if necessary, their size
and orientation (17, 18). Such compact in-
formation is required for automated quan-
tification and measurements but does not
support a detailed description of shape.
Although manual localization is quite sim-
ple, automatic localization is one of the
most difficult tasks in medical image pro-
cessing (19). Since localization strongly re-
duces information, models with few de-
grees of freedom are successfully applied. In
other words, shape-based models are often
superior to active contours for localization.

A delineation provides detailed geome-
tric information on the contour of relevant
structures. Hence, all image elements have
to be assigned either to objects or to the
background. In order to reproduce local
details, many degrees of freedom are nee-

ded. Therefore, active contours are predo-
minantly used for delineation.This requires
a-priori localization, which might be provi-
ded manually by the user, e.g. (2, 20) 
or automatically by application-specific
methods, e.g. (21). Note that contrarily to
computer applications, it is most difficult
for humans to provide reproducible 
delineation.

Image Dimension
Active contour segmentation strongly de-
pends on the dimension of image material.
The image domain is defined as the set of
points for which measurements are provi-
ded by the imaging modality. Two-dimen-
sional (2D) problems are still regarded 
as the major challenge in medical image 
processing (22). For sequences of planar
images, which are usually acquired with dif-
ferent inter- and intra-slice resolution,
tracking, e.g. (23, 24) or volumetric segmen-
tation (25) is applied, while sequences of
volumetric data assign time-variable image 
values to positions in four-dimensional
(4D) space, e.g. (26 - 28).

The value range is the set of possible 
values that can be assigned to points in the
image domain, e.g. scalar (single-band) or
vectored (multi-band).
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Fig. 1 Classification of active contour models. Abbreviations: xD – x-dimensional, FDM – finite difference model, FEM – finite element model



Object Representation
An active contour is represented by a list of
positions of vertices in the image domain.
Segmentation adapts these positions to the
image data. Hence, the model dimension
specifies the degree of freedom for each
vertex, i.e., the number of independent 
directions, a vertex is allowed to move 
(Table 1). Note however that the dimension
of the model does not necessarily equal the
dimension of image domain. A one-dimen-
sional (1D) application is the automated
delineation after a manual initialization,
where each vertex is moved on a straight li-
ne perpendicular to the initial contour (29)
or the active-rays, i.e., a polar-transformed
active contour (32). 2D-models, such as the
original snake (2), are most frequently 
applied in medical image processing. The
per-se coherence of segmentation (30) is
lost when planar representations are 
applied to 3D-images (21). Propagation
methods are often chosen to re-introduce
spatial or temporal coherence, e.g., a slice-
wise 2D-segmentation is used as initializati-
on of the subsequent slice (31).

Different approaches are used to con-
nect the active contour’s vertices. Only a
list of vertices is used by a finite difference
model (FDM) (36). The FDM-vertices are
also referred to as snaxels (snake elements)
(37). Snaxels must have small distances (25)
and their number is often fixed, e.g. (38).

An extension of FDMs for active con-
tours has been introduced by Pentland et al.
(39) and Cohen and Cohen (25): The finite
element model (FEM) additionally inclu-
des edge elements with simulated material
properties. The connecting edge elements
(edgels) become the active part of the re-
presentation (33). FEMs approximate sec-
tions of the quasi-continuous contour using
piecewise definitions (27). Often, a linear
FEM is applied. In two dimensions, this
yields polygonal models, e.g. (40, 41). For
volumetric images, the resulting contour is
a triangulated surface (28). Such explicit
surfaces modeled by a list of similar ele-
ments (42) also exist as three-dimensional
(3D) simplex-meshes where each vertex is
connected to exactly three others (43).
However, the term “simplex-mesh” is not
used unambiguously in this context. All 

linear FEMs are C(1)-discontinuous at 
vertices and between adjacent triangles.
The discontinuities can be solved by non-
linear approximations of finite elements,
such as piecewise polynomials. In two 
dimensions, splines or similar interpolation
functions are used to ensure C(1)-continuity,
e.g. (20, 44). In three dimensions, splines,
e.g. (26) and quintic finite elements (45) are
used to model active contours. Other edge
instances of object representations are 
neither linear nor polynomial.

A mixture model is based on a combina-
tion of FDMs and FEMs. For instance,
FEM-contours in one slice are FDM-
connected to contours in adjacent slices
(33), or vertices of a FEM-contour in three
dimensions are FDM-connected to con-
tours of prior or later points in time, e.g.
(26). Gunn and Nixon use dual active con-
tours describing two approaching FDM-
contours on the inside and outside of objec-
ts connected by a FEM with linear connec-
ting elements in between (4). Pixel-based
contours are another possible intermediate
in this category, e.g. (46, 47). A pixel-based
contour is defined by adjacent vertex posi-
tions only and the vertices themselves are
connecting elements.

Image Influences
One main part of all active contours is the
interpretation of image values. We use the
term image influence as a generalization
for external energy, external force, image
energy, image force and many others be-
cause none of these terms is used unambi-
guously in literature.

The model domain describes the ability
of active contours to deal with multi-band
images. Single channel models analyze
scalar image values only. Even for the seg-

mentation of multi-band images, single-
channel models form the majority of active
contours. Any multi-band information is
transformed into a scalar prior to segmen-
tation, e.g. (48, 49). For example, color in-
formation is disregarded if a single-channel
model is used (50). Only a few multi-
channel models read image information
from independent image bands (51 - 53).

Furthermore, it is important to consider
the directionality of image influences.
Scalar (i.e. not directed) influences, such as
an energy, discard any directional informa-
tion of gradients (54). They provide a qua-
lity measure for vertices according to their
current position in the image. By means of
scalar edge filters, e.g. (2, 12, 30), which 
often are based on the first- or second-
order derivative (33), it is determined
whether each pixel or voxel belongs to an
object’s border. The absolute value of the
edge filter is identified as an image potenti-
al or an external energy (51).

For locally directed image influences, the
match between the local direction of the
contour and the direction of edges in the
image is taken into account. Directed ima-
ge influences, such as forces, are defined by
the scalar product of the contour’s normal
vector and the image’s gradient, e.g.
(31, 40). This results in an interpretation of
image values adaptive to the direction of
the contour (21, 34, 55).

Globally directed influences determine
the direction of vertices towards relevant
edges in the entire image. Binary pressure,
also referred to as region-based force,
forms the most frequently used variant (51,
52, 56, 57). Binary pressure discriminates
image values from the inside and outside of
objects. Image values belonging to the insi-
de result in image influences pushing the
contour outwards and vice versa. Alterna-
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Table 1
Exemplary active contour
models of different model
dimension



tively, globally directed influences are com-
puted from a potential image that gives a
gradient in direction of relevant edges for
all points in the image, e.g. the distance
transform of edge-filtered images, the 
gradient vector flow (54), or the optical
flow to track image sequences (24).

To compute both directed and undirec-
ted image influences, image values have to
be evaluated in the vicinity of vertices. The
quality of detection significantly depends
on the dimension of relevant subsets (58).
Local (0D) image information is read only
at the vertex’ position. Although the model
runs in danger of missing relevant image in-
formation, local influences are mostly used
for active contours, e.g. (2, 24). This risk 
further increases (33) if model-based seg-
mentation of 3D-images relies on local in-
fluences, e.g. (40, 45). Instead, image infor-
mation can also be read from a linear (1D)
subset, e.g. a line perpendicular to the con-
tour. Planar (2D) image information is
used when a small region around each 
vertex is evaluated. In image domains of
higher dimension, even volumetric (3D &
4D) subsets are possible (Table 2).

Contour Influence
During the iterative movement, contour in-
fluences are needed to smooth the contour
and to unify the discrete contour’s repre-
sentation. Again, the term contour influ-
ence is introduced as a generalization to
avoid ambiguities found in literature for
terms like internal energy, internal force,
deformation energy and many others. Note
that such influences do not necessarily 
result in an internal force or energy.

For smoothing, the contour itself is mo-
dified. In 1986, Terzopoulos presented a
method for the reconstruction of conti-
nuous and discontinuous data points (63).

For the snake model, these data points be-
came high local gradients in the image and
the contour influence became the internal
energy written as a locally weighted sum of
first- and second-order derivatives. Based
on mechanics, the thin-plate model assigns
material properties to a contour (9). The
minimization of the first- or second-order
derivative simulates the elasticity or rigidity
of material, respectively. For 3D-models,
vertices do not have well-defined predeces-
sors and successors. Therefore, approxi-
mations are needed to compute the local
second-order derivative. The star-shaped
vicinity of vertices in triangulated surface
can be used to compute contour influences
(64). Angles and distances to all neigh-
boring vertices are used in the resulting
umbrella-operator (65). The minimization
of the second-order derivatives applied 
to volumetric images or image sequences
corresponds to the material rigidity or 
simulates the inertia of moved masses,
respectively.

Lobregt and Viergever suggested a new
formulation to smooth an active contour.
The second-order derivative is not minimi-
zed but allowed to change moderately
along the contour (66). Note that this is 
tantamount to the minimization of the con-
tour’s third-order derivative. It is accomplis-
hed by computing local forces that result
from material rigidity and then using a
high-pass filter for these forces such that 
local details are preserved without global
smoothing. As another variant, local curva-
tures are trained from examples (61). The
contour influence is then computed from
distances to exemplary contours.

Depending on the formulation of image
influences, vertices may aggregate in some
sections of the contour (32). Subsequent
computation of discrete derivatives then
becomes numerically unstable (37). This 
instability can be controlled either by re-

sampling during the iteration or by adding
contour influences that direct vertices 
towards a uniform discretization of the 
contour. For such a regularization, influen-
ces are derived either from distance equa-
lization, e.g. (31, 43) or from low-pass filte-
ring of the vertices’ coordinates, e.g. (34). In
general, regularization causes only minor
changes of the represented object even
though vertex positions may strongly vary.

Solution to the Segmentation Task
Active contours require an algorithm to 
determine the instance that best explains
the image values according to the a-priori
knowledge of the model.

Optimization methods describe this
quality of a contour by quantitative measu-
res, such as energies (2). Then, segmenta-
tion corresponds to the optimization of the
contour’s energy.

Only for some special variants of active
contours and by use of strict assumptions
for the objects occurring in the image, a 
global extremum of a quality measure
yields precise delineation of relevant ob-
jects. For global optimization, simulated an-
nealing or stochastic relaxation techniques
are used, e.g. (44, 47).

More frequently, the search space is not
convex (67).Therefore, it is too complex for
common optimization methods to find the
global extremum (29). Since many local op-
tima exist, segmentation is achieved by sel-
ecting a certain local extremum (44). Heuri-
stical optimization methods are capable of
skipping minor local optima. Numerical so-
lution schemes include the combination of
the Euler-Lagrange equation with some
heuristic task-specific adaptations, as re-
viewed in the paper of McInerney and Ter-
zopoulos, e.g. (7, 37, 68, 69) and dynamic
programming1, e.g. (8). However, heuristic
optimization techniques need to increase
their convergence radius (70). This radius

Lehmann et al.

92

Methods Inf Med 1/2003

Table 2 Exemplary active contour models of different dimensions of the relevant image subset

1 Note that dynamic programming is often not
the appropriate term for the myopic opti-
mization schemes proposed in some of the 
given references, as dynamic programming in
general is used to locate an absolute extre-
mum.



gives the maximum distance between in-
itialization and solution in search space so
that a desired local optimum is found. Up
to now, the convergence radius of active
contours using optimization schemes is too
small for reproducible automated segmen-
tations (54).

All other optimization methods are only
suitable to find the next local optimum with-
in the convergence radius of the initializa-
tion. For an automated delineation, a loca-
lization has to be given by a user. Malladi,
Sethian and Vemuri refer to this manual 
localization as initial guess (46). The seg-
mentation strongly depends on this initial
guess which must be close to the final solu-
tion (35). Although manual initialization
can be done easily for planar images, it 
is rather cumbersome for volumetric or
higher-dimensional data-sets (71).

Simulation methods use physically plau-
sible model assumptions to describe a time-
dependent behavior of active contours
(72). In each iteration, directional influen-
ces are determined for all vertices. Vertices
move until they are stopped by these influ-
ences at the border of objects. Such models
are also known as geometrically deformed
models or dynamic active contours (66).

Physically plausible model assumptions
are often derived from mechanics but also
from thermodynamics, e.g. (46). For mecha-
nical models, vertices are moved by image-
driven forces reaching an equilibrium for
the final contour position (25). The forces
result from the image data and simulated
material properties. Movements can be
computed either proportional to the sum of
all forces, e.g. (25, 73) or by a simulated
inert mass, e.g. (66). In the latter case,
damping is needed to stop the contour at an
object’s border (40). The simulation itself
can be performed individually for every
vertex, e.g. (60) or using the explicit Euler 
scheme, e.g. (74). In both cases, the move-
ment per step has to be small in order to
obtain a stable behavior of the model (65).

One main advantage of simulation me-
thods is the ability to formulate self-driven
seeking tendencies that make the contour
move when it is not in the vicinity of rele-
vant image information. Mostly, pressure is
used as seeking tendency (25) beside all
other image-driven forces. Vertices can 

move for long distances until they contact
relevant image information.Therefore, self-
driven simulation methods allow changes
in size and shape of active contours with
high convergence radii.

Parameter Selection
Active contours incorporate competing in-
fluences resulting from the image, contour
regularization, and seeking tendencies. The
parameter selection assigns weights to all
influences that are incorporated into the
model.These weights have major impact on
the quality of segmentation.

Parameters can be set at different times
during the design or application of the mo-
del. During the development of a model, a
strategic choice of parameters is based on
either theoretical or experimental results
and is fixed for all applications and images
(non-adaptive). If parameters only show
minor influences on the segmentation, they
will never be changed. More frequently, the
selection of parameters is performed once
for every application of a model to instance
a-priori knowledge on the certain applica-
tion (7). Image-adaptive parameterization
individually sets parameters for every ima-
ge. This is required whenever application-
adaptive segmentation fails due to the 
variety of image appearances in a certain
application (75). Sometimes, parameters
are changed during the segmentation itself.
Such iteration-adaptive parameterization
depends on the number of iterations, e.g.
(69), the size of the contour, e.g. (76), or the
image values that are read from the rele-
vant subset, e.g. (51).

In addition, different methods are in use
to set the parameters of an active contour
model regardless of the point of time the
parameterization is performed. For in-
stance, parameters are manually changed
until the segmentation complies with the
visual impression of the user.

Manual parameterization, also referred
to as ad-hoc (59) or trial-and-error parame-
terization (77), requires expert knowledge.
Reasons for failure have to be identified by
the expert and accordingly transferred to
adjust the parameters. Manual selection of
parameters mainly remains iterative until

no more errors are recognized, e.g. (33, 37,
59, 64, 78) and is sometimes restricted to
synthetic images, e.g. (79). The lack of re-
producibility has often been criticized (38).
Segmentation based on manual parameter-
ization depends on the user and is only va-
lid for a certain purpose.

Learning-from-example is an experi-
mental method of setting parameters in
such a way that an automatic segmentation
reproduces a given (e.g. manual) segmenta-
tion (53). Propagation in volumetric images
or image sequences is a major application
of this method, where parameters are set
once for the first slice in the stack (59, 80).
Learning-from-example is possible by ana-
lysis of image values, e.g. (80) or by experi-
mental optimization of the similarity be-
tween manual and automatic segmentation,
e.g. (59, 81).

Analytical parameter selection regards a
model and an image to set parameters with-
out user interaction or a-priori knowledge
on the purpose of segmentation. For the
snake-model, analytic parameterization is
possible using the min-max principle (38,
82). Under systematic changes of the
weights of internal and external energy,
each segmentation with minimal energy is
determined. From the list of possible seg-
mentations, the one with maximal energy is
chosen (12). Due to combinational comple-
xity, the min-max principle is restricted to
only a few competing influences.

Gaps of Dimension
The relations between the image dimension
and image influence are of major impor-
tance with respect to both image domain
and value range. Note that the image do-
main corresponds to the relevant subset
while the image value range is related to
the model domain (Fig. 1).

Let us define the spatial gap of dimensi-
on (gap of domain) as the difference be-
tween the dimensions of the image domain
and the relevant subset used to determine
the image influences. If local zero-dimen-
sional (0D) influences are computed for
planar or volumetric images, the gap of 
domain equals two or three, respectively.
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In order to simulate the effect of the gap
of domain, a balloon-based model (60) was
applied to segment a synthetic object of
6515 pixels in size in a 2D-image (Fig. 2).
The balloon was initialized within a cente-
red square. Image influences are globally
directed and computed from planar sub-
sets. During the iteration, point-based, line-
based, and region-based subsets are simula-
ted to compute image influences. Table 3
shows the number and percentage of pixels
contributing to image influences. A gap of
domain of 2, 1, and 0 results in approxima-
tely 5%, 50%, and 85% of used image 
information, respectively.

In analogy to the gap of domain, a gap of
dimension can be defined in the value ran-
ge (gap of range) as the difference between
the numbers of image bands and channels
in the model domain. For example, suppose
three image bands that are not correlated.
Then, a gap of range of 2, 1, or 0 results 
in 33.3%, 66.6%, or 100% of used image 
information, respectively.

General Recommendations
The requirements for automated localizati-
on or delineation of objects in medical ima-
ges are threefold. The segmentation must

cope with high variability of the shape and
the appearance of medical objects, the mo-
del must yield robustness against noise and
artifacts in the image, and the segmentation
must always remain reliable and reprodu-
cible.

Variability of Shape and Appearance
Object representation, contour influences,
and selection of parameters mainly deter-
mine the capability of an active contour
model to handle the high variability of bio-
logical objects.

The model must be able to represent all
possible shapes of objects. Whereas active
2D-contours usually are able to do so, the
topology of objects must be adapted for 
representations of higher dimensions. Only
a few active contours automatically per-
form changes in topology (28, 65). Fur-
thermore, model dimensions of 2.5 or 3.5
should be avoided because propagation
methods are restricted to small changes
between adjacent slices. This holds only for
tracking of objects in a sequence of planar
images if the movement is small (48). Con-
cerning volumetric data, minor inter-slice
changes imply cylindrical objects, which in
fact are rather seldom in biology and medi-
cine. Additionally, the reconstruction of 
volumetric objects from slices is an ill-

posed problem and solutions are often in-
accurate. Single slices might give mislea-
ding information on the number and topo-
logy of objects (83). Nevertheless, the as-
sumption of small changes from contours
between slices is still suggested for segmen-
tation methods, e.g. (84) or propagation 
sometimes regarded as the only method 
for segmentation of 3D-images, e.g. (18, 40,
84).

Combining optimization methods for
the solution of the model with the reduc-
tion of second-order derivatives for the
smoothing of the contour, active contours
are unable to change automatically be-
tween convex and concave sections of the
contour (54). Concave sections are only
sufficiently segmented if they were already
defined in the manual initialization (67).
Also, fixed strengths of contour influences
are rather seldomly suitable to segment
biological objects. This can be solved either
using adaptive weights or minimizing the
third-order derivative for smoothing the
contour, which, however, requires much 
effort to select the parameters.

In general, robustness against the varia-
bility of appearances of objects or images
requires an automated image-adaptive pa-
rameterization. Furthermore, automated
(i.e. experimental or analytical) training of
parameters increases the applicability of
active contours (81).

Noise and Artifacts
To obtain a noise-robust model, its repre-
sentation should meet the image dimension
and the image influences must be carefully
adapted. Computing the image influences,
as many image values as possible should be
taken into account. Therefore, the image
subset should have the same dimension as
the image itself and multi-channel models
should be applied for multi-band images. In
other words, the gap of domain as well as
the gap of range must be as small as possi-
ble. Independent interpretation of multi-
band information improves the robustness
of both localization (17, 85) and delineation
(51, 53). Robustness is further increased by
the use of spatio-temporal object represen-
tations for image domains of more than two
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Fig. 2 Visualization of the spatial gap of dimension. A balloon model was applied to segment the synthetic object in 
the planar image (a). Pixels that are evaluated to form image influences are marked black for local (b), linear and perpen-
dicular to the contour (c), linear and in direction of the contour (d), as well as planar (e) subsets

Table 3 Simulation of the spatial gap of dimension



dimensions. Again, propagation methods
should be avoided. If the object is lost due
to a single noisy image within the sequence,
segmentation will fail in all subsequent
images even if the object clearly shows up
again (86). Nevertheless, 3D-objects are
mostly segmented by 2D-representations
(55), and volumetric coherence is lost.

For undirected image influences, the 
resulting edge map or potential image
needs to assign high values to positions that
are likely to belong to an object’s border.
Usually, the presupposition of certainly 
located borders does not hold for biological
objects. Locally directed influences are in-
sensitive to noisy edges that do not run
along the contour. The fixation of image in-
fluences to local gradients fundamentally
restricts the potential of active contour seg-
mentation (87). In general, global directio-
nality yields a strong magnification of the
model’s convergence radius and, therefore,
it should be applied to model image influ-
ences whenever possible.

Robustness against large-sized image
artifacts mainly requires the incorporation
of shape knowledge, which is not covered in
this paper.

Reliability and Reproducibility
Reliable segmentation is obtained if the ac-
tive contour operates without failure con-
cerning a certain application. Failures of
the model are mostly induced by the solu-
tion of the model, which is usually incapa-
ble to cover the entire high-dimensional 
search space. Heuristic optimization me-
thods may get stuck in local optima. There-
fore, simulation is generally superior to 
optimization. Self-driven approaches do
not require a precise initialization. Note
that for globally directed image influences,
the image values themselves yield a seeking
tendency for the contour that becomes in-
dependent of the current image if a valid
model for the image values in- and outside
the contour are found.

Reproducible segmentation means the
ability of the active contour to maintain its
output precision. This is mainly determined
by the kind of image influences and how
the parameters are selected. In general, ob-

ject detection must be independent of the
initialization. This property requires either
the use of searching tendencies or globally
directed image influences. Reproducibility
also requires the experimental or analytical
selection of parameters. A manual adjust-
ment of parameters should furthermore be
avoided because it presumes certain techni-
cal knowledge that is not readily available
to users in the medical context.

Exemplary Use of the Scheme
To demonstrate the value of the categoriza-
tion scheme, we will exemplary show its
usage to successfully apply active contours
for a given segmentation purpose. In verte-
bral disc prolaps diagnoses and for surgical
planning, computed tomography is used to
image a section of the spinal cord. Especial-
ly for elderly patients, the inter-vertebral
discs appear like bony structures (Fig. 3).

The purpose of segmentation is the deli-
neation of bony structures in an image do-
main of three dimensions with a single-ban-
ded value range. Since the root channels
are usually not parallel to the CT-slices, a
3D object representation is needed to ob-
tain a high-quality volumetric reconstruc-
tion. In addition, this choice ensures a zero
gap of domain. The object has a topology
containing holes and loops. Therefore, the
orientation of a surface representation is
important. A surface that is triangulated by
a linear FEM is able to represent objects of
arbitrary shape and topology. The model
domain is one just like the image’s value
range. Hence, there is also no gap of range.
Scalar Hounsfield units allow to distinguish
the inside from the outside of the object
even though a threshold segmentation
would not yield satisfying results. The 

Hounsfield units are therefore used to
create globally directed image influences.
In order to overcome the rather high level
of noise resulting from fast CT-imaging, the
globally directed influences are computed
for each triangular edgel regarding as much
image information as possible. Therefore,
volumetric (prismatic) image subsets are
read around each triangle to compute a
binary pressure. Smoothing of the contour
is required to obtain a coherent surface of
the bony structure and a regularization is
necessary to obtain regular triangles. Both
requirements are fulfilled using a moving
average filter of vertex coordinates that im-
plicitly reduces the contour’s second-order
derivative. Furthermore, a topology adap-
tation is needed whenever edgels intersect
so that loops and channels can be automati-
cally reconstructed. Being initialized as a
box surrounding the entire data volume,
some edgels have to pass great distances 
in image space to reach the bony structures
in the image of varying location and size.
Only a simulation of directed forces is able
to fulfill this requirement. The binary pres-
sure results in an image-driven segmenta-
tion. Since CT-scanners provide normalized
image values, the strength of smoothing as
well as the size of edgels does not vary for
different images. Therefore, an application-
adaptive parameter optimization is appro-
priate for the given purpose. Parameters for
image influences can be analytically set to
form a binary pressure for Hounsfield units
of bony and watery structures, respectively.
The strength of smoothing can be compu-
ted from one central slice and one exem-
plary manual segmentation and is therefore
experimentally set.

The resulting active contour for segmen-
tation of bony structures of the spinal cord
is one example for the applicability of the
general model suggested in (28). Figure 3
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Fig. 3
Active contour segmentati-
on of bony structures in a
CT volume of the vertebra
(contrast enhanced) and
volume rendering of the
determined 3D segment



shows its segmentation for the given pur-
pose.

Discussion
The selection and subsequent implementa-
tion of a model for segmentation is per-
formed in dialogue between a physician
and a technician, e.g. a computer scientist.
The presented classification scheme ena-
bles such development partners to coope-
ratively create a requirements specification
for a model-based segmentation method:
For each of the categories, a class has to be
selected to provide a complete interface
between clinical application and implemen-
tation. The authors are well aware that this
requires both development partners to take
part in an interdisciplinary process and the
classification scheme has already proven
useful for this dialogue.

It is important to note that the catego-
ries and instances, which have been intro-
duced in this paper, in general are unambig-
uous. However, some object representati-
ons with many degrees of freedom exist
that do not match the categories given 
above. Examples are active bubbles (88).
Also, some relations and transitions exist,
for example:
● Manual parameterization is not feasible

if the parameters are set iteration-adap-
tively.

● The categorization according to the di-
rectionality of image influences is inde-
pendent of the method for the solution
that either uses scalar quality measures
or directed influences in a simulation.
Consequently, it is possible to calculate
directed forces using scalar image influ-
ences by finding the point with the hig-
hest potential in the vicinity of vertices.
Then, a directed force can point towards
this position. Vice versa, the scalar pro-
duct of the contour’s normal vector and
the image’s gradient is locally directed
but only yields a scalar quality measure
for the position of vertices.

● The method of regularization often de-
pends on the object’s definition itself.
For instance, if spline-interpolated verti-
ces are used to represent an object,
smoothing is redundant.

● Since the search for an energy minimum
is related to an equality of forces, transi-
tions exist between optimization and si-
mulation techniques. Optimization be-
comes simulation when the contour’s
energy is regarded as a potential and a
force is defined pointing against the gra-
dient of this potential. This results in an
equality of forces in local minima of the
energy function (54). Usually, this pro-
perty is used in heuristic optimization
schemes, where vertices perform a stee-
pest descent in the contour’s potential.
Vice versa, the sum of all forces of a 
mechanically simulated contour can be
written as the contour’s energy (89)
when the direction of forces is disregar-
ded. Seeking tendencies no longer take
effect because their absolute value is
constant. This results in a reduction of
the method’s convergence radius.

Although a general concordance is found
in the literature that FEM-contours are su-
perior to FDM-contours, linear vs. non-li-
near FEMs are often contrarily rated. Non-
linear FEMs are usually applied to ensure
smooth contours of the segmented objects.
However, the advantage of C(1)-continuity
is questionable in the context of digital ima-
ge processing, which is based on discrete
grids. The adjustable size of all finite ele-
ments allows to give linear approximations
of any desired precision. Even linear finite
elements of a size below pixel or voxel di-
mension are used, e.g. (27, 65).

Conclusion
The well known snake model introduced in
1987 was designed for the delineation of
objects following manual localization in the
graphical user interface called “snake pit”.
The model is applied to planar single-band
images. The model dimension was two and
objects were represented by vertices that
were FDM-connected (snaxels). The point-
based image influences were not directed
(external energy). The external energy was
defined as the sum of all scalar image gra-
dients read at the vertex positions. The 
contour influence (internal energy) was de-

fined as the weighted sum of the first- and
second-order derivative of the contour.
Solutions of the model were found using a
local optimization scheme that minimizes
the sum of internal and external energies.
By use of the snake pit, parameters were
manually set and adapted for every image.

The requirements in medical image pro-
cessing led to improvements in almost
every category as compared to the widely
used snake model. However, these impro-
vements may result in remarkable effort
for modeling and implementation (25, 45).
The stepwise key-code presented in this 
paper (Fig. 1) may help to determine the
optimal active contour variant for a certain
application. To exemplify an active contour
that fulfills these requirements, we refer to
(28). The learning-from-example parame-
ter selection of this model is described in
(53) and the extension to image-adaptive
parameter selection is given in (75).
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