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Abstract. In this paper, we present a new image segmentation method
based on energy minimization for iteratively evolving an implicit acti ve
contour. Methods for active contour evolution is important in many ap-
plications ranging from video post-processing to medical imaging, where
a single object must be chosen from a multi-object collection contain-
ing objects sharing similar characteristics. Level set methods has played
a fundamental role in many of these applications. These methods typi-
cally involve minimizing functionals over the in nite-dimensi onal space
of curves and can be quite cumbersome to implement. Developments
of markov random eld (MRF) based algorithms, ICM and graph-cuts,
over the last decade has led to fast, robust and simple implementations.
Nevertheless, the main drawback of current MRF methods is that it is
intended for global segmentation of objects. We propose a new MRF for-
mulation that combines the computational advantages of MRF methods
and enforces active contour evolution. Several advantages of the method
include ability to segment colored images into an arbitrary number of
classes; single parameter which can control region boundary smoothness;
fast, easy implementation, which can handle images with widely varyin g
characteristics.
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1 Introduction

Active contour evolution methods, often called snakes have been proposed for
many computer vision and image processing tasks in applications ranging from
medical imaging to video-post processing. One of the principle advantages of
active contour methods is that it allows for local segmentation or picking out

a desired object in an image containing a collection of objects with similarand
dissimilar attributes. These methods typically start with an initial shap e and
smoothly evolve a contour and converge to the shape of an object. Segmenting
an image in this way is a typical 2-class partitioning since the input image is
divided into regions inside and outside the contour. Some active-contour segmen-
tation methods implement explicit contours [1] while others implementimplicit
contours [2]. Level-set methods [3{5] have emerged as a basic tool for active
contouring. Herein one usually represents a curve as a zero-level set of a 3-D
function, sometimes called thesigned distance function(SDF) [2]. These meth-
ods are based on calculus of variations and involve minimization of functionis



over the in nite dimensional space of curves. The setup requires solving Euler-
Lagrange equations which lead to partial-di erential-equations for curve evol-
tion, which are then discretized. These are generally cumbersome to implement
and computationally demanding [6] and can lead to instability [2].

Energy minimization based on Markov Random Field (MRF) models [7] pro-
vide an alternative to level-set methods. These methods are fast and easily im-
plementable. For instance, the ICM based methods [7] involves pixel-by-pixel
update and does not require keeping track of curves. More recently, graph-cut
based methods [8, 9] with impressive computational performance have also been
proposed for energy minimization based on MRFs and have turned out to be
applicable in several scenarios commonly addressed by level-set methods. Nev-
ertheless MRF methods are typically ill-suited for active contour evolution since
they typically lead to global image segmentation, i.e., classi cation of mage into
di erent classes rather than segmenting (or picking out) a particular desired
object.

In this paper, we present a MRF based energy minimization scheme that
preserves the inherent computational advantages while leading to smooth con-
tour evolution analogous to active contour evolution in level-set methods. The
main idea we propose is to modify the typical Ising or Potts potential function,
which leads to locality and implicitly forbidding pixels located far away from
the contour from switching class. Our optimization process involves an ICM &
gorithm, although graph-cuts can also be employed but does not provide any
additional computational or qualitative advantages. Our method depends on a
single parameter which can be tuned to account for smoothness of desired ob-
ject boundary. Our proposed method rapidly converges and is provably stable.
Furthermore, it is easy to implement and admits di erent likelihood functions
which permits several kinds of segmentation. Experimental results for 2-clss and
M -class segmentation over grayscale, color, 2D and 3D images are presented.

2 MRF based Segmentation

The goal of an image segmentation is to partition an input image into hanoge-
nous regions by labeling each pixel based on its color, texture, gradient or other
features. Here, we propose a Markov random eld (MRF) model for modeling
the input image and the label eld. Let X and Y be random elds that model
the segmentation labels and the input image (observation), respectively, and
also let x and y be the corresponding realizations. BothX and Y are de ned
onaN M lattice S=fsj0 s< N Mg , wheres is a site located at the
Cartesian position (i;j ). The goal of a segmentation algorithm is to classify each
observationys;s 2 S so that all observations in the same class follow the same
statistical distribution; X consists of class labels. We assume thats takes a
value between 0 and 255 if the input image is grayscaley( is a 1-D vector, or
scalar), and between (Q0; 0) and (255 255, 255) if it is a color image. Eachxs
takes one of theM class labels : = fc;; ;5 cm Q.
We have collections of regions with each region being homogeneous and so

to encourage neighboring pixels to have identical labels we model the label eld



as a Markov random eld:
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where ¢ is a local neighborhood surrounding sites. A 4-connected grid is typi-
cally used as neighborhood. The prior energy _ (xs) de nes how labels should
be spatially distributed in x (e.g., whether they should be similar). Observe that
MRF models only account for relationships between labels of neighboring pixels
as opposed to level-set methods which incorporate global representation of a
structure such as an active contour. A model coggmonly used for such a function
is the well-known Ising model, i.e.,V _(Xs) = 2 (1 (Xs;Xt)) Where t is
a neighbor ofs, is a constant and (Xs;Xt) is the Kronecker delta returning 1
when x5 = X; and 0 otherwise. This model encourages the neighboring pixels to
be identical. The likelihood probability, P(YjX) is assumed to be independent
when conditioned on the individual labels, i.e.,

X
P(Y = yiX = x)/ exp( U(Xs:Ys)):
S
Several di erent likelihood energy functions based on context can be employed,
the simplest being a Gaussian density function, i.e.,

T 1
U(Xs = GiYs) = %ln((z )9 i)+ Vs o) ° s o) )

whered = 3 if y is a color image and 1 if it is a grayscale image. With such a
likelihood function, every observation ys associated with classc is assumed to
have been drawn from the Gaussian distributionN ( ¢; ¢ ). The example in
Fig. 1 is case in point. Here, the \land" pixels and the \sea" pixels iny both follow
a Gaussian distribution, one centered in the dark shades (for the \background"
or \sea") and one in the light shades (for the \foreground" or \land"). More
complex likelihood energies can also be incorporated. For instance, while ax -
modal P(y) can be modeled as arN -class segmentation (each likelihood being
Gaussian) it can also be modeled by & < N -class segmentation, some classes
being MOGs. Note that the use of a mixture of Gaussians to model a single class
has been proposed in the past in the context of graph cuts [10, 11]. Another way
of modeling the likelihood PDF of a class is through smoothing (for example
a parzen window) a raw normalized histogram [12] of a pre-selected region. A
1-D array of length 256 represents a 8-bit grayscale image and a 3-D array thi
256° elements represents 3 8-bit color images. For other images whose regions
exhibit strong color or grayscale overlap, the observation vector at each pigl y s
can be replaced by outputs of texture-oriented Iters such as moments or Gabor
Iters [13].

Now we can summarize some of our objectives. If a MAP estimate for the
label eld is desired, it leads to the following optimization problem

X
b =arg min U(Xs;¥s)+ V  (Xs): (2)
s2S



Initial contour Contour at steady-g& Initial label fieldx %! Label fieldx at convergence

Fig. 1. A satellite image with (a) initial and (b) nal contours overlaid. The im  ages (c)
xI and (d) x! represent label eld associated with each contour. Note that contours
are composed of pixels whose probability of changing class is not zero.

One way of solving Equation (2) is through Besag's Iterative Conditional
Mode (ICM) algorithm [7] which o ers a good balance between e ciency, sim-
plicity and speed. Starting with an initial con guration x[%, ICM iteratively
minimizes U(Xs;Ys) + V .(Xs) in a deterministic manner by selecting, for ev-
ery sites 2 S, alabelg 2 that minimizes the local energy function at that
point. A graph-cut optimization strategy could also be implemented e ciently
for rst-order MRF (i.e. 2-node cliqgues) models as proposed by Boykov and Jolly
[12]. This would require a rectangular graph whose nodes (associated with each
pixel) are linked to the source and the sink. The edge weights for arcs from
sinks/sources to the pixels are associated with the likelihood function, while
edge weights for neighboring pixels correspond to prior energy function. The
main advantage of Graph-cut based approach over ICM is that it is globally
optimal for many interesting cases such as two label states and convex prisr
However, graph-cut methods are cumbersome and can be computationally ine -
cient when dealing with higher-order MRFs. Higher-order MRFs naturally arise
in many applications (particularly in active contour evolution) where smooth-
ness, curvature and other features are desirable.

3 Proposed Method

For active contour evolution, the globally optimal solution to Eq. (2) i s undesir-
able. Indeed, the global optimal solution results in segmenting the entire image
into many objects and classes rather than segment out one desirable object.
Level set methods address this issue by smoothly evolving a contour around an
initialized region. Inspired by this idea, we formalize an analogous problem in
the MRF setting. Let C denote the collection of all connected subsets of the
lattice and Rg be an arbitrary connected initial region speci ed by the user. Let
X(Y) denote the set of all label- eld estimators. We consider the sub-class of
estimators, F such that the label eld corresponding to the desired subclass¢;,

is connectqd £ = fsjXs() = c1g 2 C) and contains at least a single point from
Ro, i.e., F  Rp 6 . Our objective can be summarized as follows:

X
b =arg mzip UXs;Ys)+ V (Xs): 3
X
s2S



Briey, we would like to nd the minimum energy connected region of class
c1 containing at least a single point from the initial region specied by the
user. Upon re ection we note that this formulation typically addresses most of
the interesting cases commonly encountered. However, the problem of searching
over connected sets is computationally di cult and contrary to the spirit of
MRF based energy minimization methods. To this end we propose modifying
the prior so that the connectedness constraint can be relaxed. One possibility is
to consider,

|

card( s) 1 @)

V., (Xs) o (Xs:X0)
where is a constant, card( ) is the total number of neighbors surrounding site
s (4 for the rst-order neighborhood and 8 for the second-order neighborhood
and so on}. However, unlike the Ising model, it has in nite energy (i.e., zero
probability) at sites s for which xs 6 x;, 8t 2 5. Note that the prior introduced
above is symmetric but cannot be factorized into a linear superposition of zhode
clique potentials. Also note that other suitable modi cations involving exp onen-
tial and logarithmic functions of the above expression can also be considered i
order to re ect variable levels of smoothness of the desired objective.

We next brie y discuss the impact of this modi cation on ICM and graph-cut
algorithms. Consider rst the ICM algorithm. Because of in nite energy, at any
instant of time, a site s can switch from classc; to classg if and only if at least
one of its neighbors has already been assigned tloe label. In other words, a site
s for which no neighbor has been assigned the class labgl has zero probability
of being classi ed asgc; . Interestingly, a local minimum in this case corresponds
to the best t to local image features underlying the initial contour x[%. This is
illustrated in Fig. 1 in which the nal contour x[I surrounds the island (i.e., the
object of interest) but not the isolated white spots at the top of the image. This
illustrates why we consider our method to be alocal segmentation approach.
Notice that the ICM algorithm scales linearly with clique size.

Next, consider graph-cuts. Since graph-cuts currently can only handle rst-
order MRFs [8] and that 2-node cliques do not capture curvature, smoothness
and other desirable features, we need to modify the prior such that we have a
decomposition into 2-node clique potentials. However note that this does not
preclude imposition of in nite priors for isolated pixels. Thus, for the nodes in-
side the contour, the links to the source need to have in nite capacity and, for
the nodes outside the contour, the links to the sink need to have in nite capac-
ity. In fact, only the nodes located near the contour shall have capacities de ned
by the likelihood energy function U( ). Also, the inter-node capacities could be
constant or, as proposed by Boykov and Jolly [12], set to an ad hoc boundgr
penalty value. Such implementation is somehow similar to recently-published
contour-based method by Xu et al. [14]. For their method, a contour is a cut

! Note that to avoid a division by zero, one has to add a small epsilon value to the
denominator. In our case, we add 10 ©.



Algorithm 1 2-class segmentation
Input: y Input image
Output: x Label eld

Initialization
1:f( ¢r5 ¢1)i( s c2)d  K-Means clustering of y
:xO nit, k0

N

ICM Optimization

3: repeat

4: k k+1

5: for each sites2 S do

6: tablci]  U(ysjci) + V . (c1)
7. tab[c;] U(ysjc2) + V ((c2)
8: x¥argming ;> tab[c]

9: end for

10; until xk g xK

11: return  xX]

with minimum energy between an inner boundary and an outer boundary. The
contour evolution is made possible by reestimating the boundaries around the
curve at each iteration step. Unfortunately, such implementation leads to a cum-
bersome data structure requiring a signi cant amount of memory at runtime in
addition to inherent computational costs for higher-order cliques. Furthermore,
at each iteration one needs to re-estimate arc-capacities.

3.1 Contour evolution

In this section, we demonstrate that a contour implemented with our method
naturally shrinks and expands automatically whenever is set to a su ciently
small value. To illustrate this property, consider again the satellite image of Fig.
1 which contains light-shaded \land" areas and dark-shaded \sea" areas which
can be associated to classes; and c;. For the purpose of this explanation,
consider the initial curve containing a circular region whose inside pixels have
been assigned labety and outside this region are labelledc;. In this context,
three con gurations of the initial region are possible : (1) it is completely located
inside the island, (2) it is completely outside the island and (3) it is partly in
the island and partly in the sea (which is the case in Fig. 1 (a) and (c)). Our
goal is to demonstrate that the curve in case (1) will expand up until it reaches
the island boundary, in case (2) will shrink down to zero and in case (3), will
expand inside the island and shrink in the sea.

Following Eq.(1), the likelihood energy associated tocy is signi cantly smaller
than the one associated toc; for those pixels located in dark areas (such as b)
and vice versa for pixels located in light areas (such as a). In fact, sincehe
classes are well separated, one can easily assume tHafcy;yy,) >> U (Ci; V)
and U(co;Ya) << U (c1;Ya). For the curve to shrink in the \sea" area (be it
in case (2) or case (3)), the boundary pixels are required to switch from clss



Initial contour a =20

Fig. 2. lllustration of the impact of on smoothness of the nal contour.

EB

Co to class c;. Following Eqg. (2), this will happen if, for a pixel such as b,
U(c;yp) + V , (c1) < U (cosyp) + V ,(Co). Replacing function V (:) with our prior
function leads to the following formula :

frac ofrac 1

m(u(co;%) U(ct; yb)) )
= pocardiy) i -
where frac; = ez x)” This last equation underscores the fact that

t2

when s su ciently small, the curve naturally shrinks in the sea area, whether
we are in case (2) or in case (3). In fact, those boundary pixels will keep stehing
from classcy to ¢ up until when the condition U(cp;yp) >> U (c1;Yp) Will no
longer apply. This typically occurs when the contour reaches the boundary of the
island. Following the same logic, if is small, the boundary will expand in the
land area (whether we are in case (1) or case (3)) up until the contour reaches
the boundary of the island.

Now, if is set to a larger value which is equal or larger to the right-hand
side of Eq. (5), than pixel b (and reciprocally pixel a) will not switch classes
leading to a stabilization of the contour in that area. In other words, small
values ensure large in uence of the likelihood and thus reduce the in uence of
the neighbors. This underscores the fact that (and frac;) encapsulates the
smoothness of the curve at convergence. This property is illustrated in Fig. 2
and 3.

3.2 Implementation

Since our method starts from an initial contour (in x[) and iteratively deforms
it towards the nearest minimum, the location of the initial contour clearly deter -
mines where the nal contour will converge. Although the location of the object
of interest is known a priori for some cases, most applications require a user
intervention to place the initial contour (such as when a doctor wants to seg-
ment one speci ¢ organ). In our method, x[¥ is de ned via an interactive user
interface which allows the user to coarsely specify regions of interest with lasso
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Fig. 3. Example of segmentation with di erent initial contours and di erent values.

tool (as in [12, 14, 11]). If the likelihood PDFs are Gaussian or MOG the param-
eters ( ¢; ) are pre-estimated with a K -means procedure [15] (see Algo. 1).
Note that other parameter-estimation algorithms, such as ICE or EM, could be
used instead, although at the expense of higher computational cost. As in [12],
if the likelihood PDFs are modeled by histograms, then each region specied
by the user is assigned a raw histogram. All unselected pixels are automaticall
assigned to the background class whose likelihood PDF is also a raw histagn.
Note that the PDFs (be it Gaussians, MOGs, or histograms) are computed
only once during initialization and kept xed throughout the optimization. Also,
the user is not limited by the number of contours since our method handles nat-
urally contour splitting and merging. Since our prior function prevents pixels
located in a uniform region from switching classes, a good way of speeding up
the algorithm is by visiting only pixels with nite prior energy, i.e., those which
can change classes. Such pixels can be easily located since they are adjacent to
a region boundary (class transition) in x. Interestingly, processing only border
pixels at each iteration with our ICM-based algorithm makes our approach vey
e cient botﬁ ‘memory and computationally wise. In fact, the memory require-
mentis O(' N) (N being the totalﬁuﬂber of pixels in the image) and, since the
maximum number of iterations is 2N, the overall computational requirement
is O(N).

4 Experimental Results

Our method depends on one parameter only, namely , that controls the bal-
ance between the prior and likelihood distributions (see Eq. (4)). As shown in
Figs. 2 and 3, is directly related to the contour' smoothness : the larger is,
the smoother the nal contour is, and vice-versa. Fig. 3 also demonstrates the
fact that our method seeks a local minimum. In this example, because of the
image content, the two initial contours led to two di erent nal contours. Thi s
property of our algorithm allows a user to select many objects in a scene (top
row) or only a subset (bottom row) if needed. This is an obvious example of a



local segmentation. This example also illustrates the fact that our method can
naturally shrink or expand a contour to make it t the object of interest.

Contour entered by the user Contour at steady-state

Fig. 4. 2-class segmentation of a color image. The likelihood PDF of the background
class and \ ower" class is modeled by a mixture of two Gaussians.

In order to segment more complex objects, a mixture of two (or more) Gaus-
sians can be used to model the likelihood PDFs. This is illustrated in Fig. 4in
which both the background and the ower are modeled with a mixture of two
Gaussians. This is also demonstrated in Fig. 5 in which the image is segmiea
into 2, 3 and 4 classes. In this example, each class is modeled by one Gaussian
except for the background which is modeled with a mixture of Gaussians.

1

Fig.5. 2-class, 3-class, and 4-class segmentation with background modeled as a miure
of Gaussians. The rightmost result was obtained with the Ising model.

In Fig. 6, two results are obtained with di erent likelihood function. In (a) ,
the likelihood PDFs used is a raw histograms. In (b), a texture-based segmen-
tation has been performed where each observatiogs is a 6-dimensional vector
made up of moments of order 1, 2 and 3 [13]. The likelihood PDF of each class
is modeled by a Gaussian. Note that our method can also handle 3D structures



Processing time [s]
Init 1 Init1 Init 2 Init 2
Method =2 =30 =2 =30
Algorithm 1 without list | 2.7 4.0 3.5 2.3
Algorithm 1 with list 09 08 04 02

Table 1. Processing times in seconds for two dierent initial label elds x© and
dierent  values. Init 1 and 2 are in rst and second row of Fig. 3. The input image
size is 512 512 and the code has been written in C++.

Contours entered by the user Initial label fieldx© Contours at steady-stateLabel fieldx® at steady-sta

@)

Contours entered by the user Contours at steady-state Label field ¥ at steady-state

(b)

Fig. 6. Segmentation results obtained with di erent likelihood function s. In (a), seg-
mentation is obtained with an histogram likelihood PDF and in (b), with  a likelihood
PDF based on moments of order 0, 1 and 2.

as shown in Fig.8. Here, stacks of 20 magnetic resonance images are segradnt
leading to the 3D reconstruction of aortas.

An interesting aspect of our method is its ability to produce global and local
segmentation results simply by changing the prior function. This is illustrated
in 5 and 8 in which the same algorithm (Algorithm 1) has been used to produce
the global results (Ising prior) and the local results (proposed prior).

In g. 7, we compare our method with the graph-cut-based method by Xuet
al.[14]. In red is the initial curve and in blue the curve at convergence. As can
be seen, when the initial curve completely exceeds the to-be-segmented object,
both methods converge towards the same result. However, when the initial curve
only partly includes the object, the graph-cut-based method hardly recovers the
silhouette of the shape. This is because the approach has its curve shrink when
no edges are close by and thus cannot expand. Note also that on Matlab, our
method converged after only 15 second on average compared to 11 seconds on
average for Xuet al. (we used the code provided by the authors).

In order to evaluate the computational complexity, Algorithms 1 have been
tested on a 512 512 input image (see Fig. 3) with di erent initial conditions
(x and dierent values. As can be seen from Table 1, the use of a list
which permits to visit only the contour pixel at each ICM iteration, signi ca ntly
reduces processing times. It is especially obvious for initial condition 2 (second



Xu et al.’s method Our method

Fig. 7. Xu et al.'s method [14] (on the left) compared with our method (on the right).
In both cases, the initial curve is in red and the curve at convergence is in blue.

row in Fig. 3) for which a small number of pixels is being segmented. In this
case, the listL prevents the algorithm from spending time on pixels which never
change class. Both algorithms have been implemented in C++ and executed on
a 2.0 Ghz dual-core laptop with 2 GB of RAM.

5 Conclusion
In this paper, we presented a new Markovian segmentation method which iter-

atively evolves an implicit active contour. As opposed to level-set methods, our
approach is based on a maximuna posteriori probability formulation that opti-
mizes the content of a label eld x according to input imagey and a prior model
for x. The main novelty of our method lies in its prior model that forbids an
isolated pixel in x from switching classes (by giving it a zero-probability). Based
on this property, contours are composed of pixels whose probability of chang-
ing class is not zero. Our method has many advantages which we summarize as
follows :
1. it is conceptually simple and can be easily implemented, even by an inexpe-
rienced programmer;
2. itis fast (near real-time on 512 512 images) and requires little memory;
3. as opposed to level-set methods, it cannot diverge since no SDF is used;
4. allows for all kinds of likelihood functions ranging from single-Gaussia, to
MOG, and raw histograms;
5. naturally extends to 3D and allows for N -Class segmentation;
6. the curve can shrink and expand without any explicit force as required by
some level-set methods.
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