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ABSTRACT

We present a graph cuts-based image segmentation tech-

nique that incorporates an elliptical shape prior. Inclusion of

this shape constraint restricts the solution space of the seg-

mentation result, increasing robustness to misleading infor-

mation that results from noise, weak boundaries, and clut-

ter. We argue that combining a shape prior with a graph cuts

method suggests an iterative approach that updates an inter-

mediate result to the desired solution. We first present the

details of our method and then demonstrate its effectiveness

in segmenting vessels and lymph nodes from pelvic mag-

netic resonance images, as well as human faces.

1. INTRODUCTION

Segmentation is a fundamental task in image processing,

and numerous methods have been developed. An interesting

class of segmentation methods relies on energy minimiza-

tion to partition an image into different regions. Included

in this class are active contour methods [6, 3] as well as the

recently popular graph theoretic techniques [1, 5].

In this first class, active contours, the energy is typically

comprised of image terms (regional and/or boundary based)

as well as intrinsic regularization terms. Based on the en-

ergy minimization, an initial contour iteratively deforms to

move to the structures of interest. Although quite success-

ful, these methods can be sensitive to the initialization of

contour, since the energy minimization is subject to local

minima, as well as “leaking,” which occurs when, due to

noise, clutter, poor contrast, etc., the image data does not

provide enough information to stop the contour at the de-

sired location.

To increase robustness, researchers working on active

contour methods have recently looked to shape priors [4, 9,

10, 11] to incorporate a priori shape information into the ac-

tive contour evolution in order to further constrain the seg-

mentation. Shape priors can be modeled by a known class

of shapes or through statistical training.

In the second class of energy minimization segmenta-

tion techniques, those based on graph cuts [1, 5], the prob-

lem is formulated on a discrete graph. The graph is com-

posed using vertices representing the image pixels, as well

as edges connecting the vertices, typically using 4 or 8 neigh-

borhood connectivity. For example, in [1], the energy is

comprised of a region term that assigns penalties based on

labeling a pixel as foreground or background, as well as a

boundary term that assigns a penalty based on the dissim-

ilarity of adjacent pixels. Usually, the energy function to

be minimized is the summation of the weights of the edges

that are cut. Graph cut methods differ from active contour

methods in that they are not iterative, and achieve global

minimization for certain classes of energy functions.

Recently, iterative graph cut methods have been intro-

duced in an attempt to combine active contours with graph

theoretic techniques [12]. In this paper, we extend this method

by including a shape constraint to the contour update.

1.1. Our Contribution

Despite their advantages, graph cut segmentation approaches

can also lead to erroneous segmentations as shown in Fig-

ure 3(d). In this paper we segment an image using a graph

cuts approach, but additionally include an elliptical shape

prior to constrain the segmentation. Incorporating this shape

constraint results in more robust segmentations.

We choose to work with an elliptical shape prior for

several reasons. First, an ellipse is a powerful, descrip-

tive shape that can model a multitude of objects, including

a wide variety of anatomical structures like blood vessels

and lymph nodes, the segmentation of which is our primary

application. Second, by making use of a geometric primi-

tive, we do not have to perform statistical shape training on a

database of shapes. Such training is often difficult and time-

consuming. In addition, an ellipse has a simple parametric

equation that can be efficiently estimated from samples [7].

We take advantage of this in our approach.

To our knowledge this is the first paper to consider the

use of shape priors in a graph cuts-based algorithm. We

demonstrate that the use of such information results in more

accurate segmentations than those resulting from standard

graph cut methods.



2. SEGMENTATION APPROACH

We begin by briefly reviewing the graph theory that is used

to minimize our energy function. We then describe how we

build this function using the image data and the elliptical

shape prior. We then list each step of our algorithm.

2.1. Graph Cut Theory

Consider an undirected graph G = 〈V,E〉 that is composed

of vertices V and undirected edges E that connect the ver-

tices. Each edge e ∈ E is assigned a non-negative cost.

There are two special vertices (also called terminals) in the

graph that are identified as the source s and the sink t. With

the exception of the terminals, the vertices are comprised of

pixels P in the image. An example is shown in Figure 1(a).

A cut C on the graph is a partition of V into two disjoint

sets S and T = V −S such that s ∈ S and t ∈ T , as shown

in Figure 1(b). The cost of the cut is the sum of the costs

of all edges that are severed by the cut. The minimum cut

problem is to find the cut with the smallest cost. There are

numerous algorithms that solve this problem in polynomial

time, see [2] for more details.

(a) (b)

Fig. 1. A simple 2D graph for a 3x3 image (a) and its mini-

mal cut (b). Figure based on [1].

2.2. Energy Function

Our goal then is to take a set of pixels P and labels L and

compute a labeling f that minimizes an energy function.

This function takes the standard form [8]

E(L) =
∑

p∈P

Dp(fp) +
∑

p,q∈N

Vp,q(fp, fq), (1)

where E is the energy, p and q are pixels, N is the neigh-

borhood formed from the vertex connectivity. Dp(fp) mea-

sures the cost of assigning the label fp to pixel p, while Vp,q

measures the cost of assigning the labels fp, fq to the ad-

jacent pixels p, q. In our implementation, both Dp(fp) and

Vp,q are comprised of two terms, one from the image data

and the other from the shape constraint.

Given an ellipse, we compute the mean intensity of the

pixels inside and outside the ellipse, ui and uo, respectively.

Our image-based energy term is inspired by [3] and is

Dp(foreground) = |I(p) − ui| (2)

Dp(background) = |I(p) − uo| (3)

and Vp,q is the same as described in [1].

For the shape prior term, we first form a binary image

M we call a shape mask, which is 0 inside the ellipse and 1

outside the ellipse. Our shape-based enery term is then

Dp(foreground) = |M(p) − 1| (4)

Dp(background) = |M(p) − 0| (5)

and Vp,q again is the same as [1]. We weight the contribu-

tion of the shape terms by a factor λ, which was set to 25 for

all experiments in this paper. A larger λ results in less de-

viation of the graph cut solution from the current elliptical

shape.

2.3. Implementation

We compute the graph over a set of pixels in a narrow-

band [12] around the ellipse, as shown in Figure 2. The

minimum cut is shown as a dark contour in the figure. After

the cut is complete, we update the model by finding the best

fitting ellipse [7] to the points of the segmentation result.

We then form a new band around the updated ellipse, and

then set up a new graph in the new narrowband. We iterate

like this until the solution converges. An iterative solution

is necessary, since the estimated shape using shape prior in-

fluences the graph cut solution and the graph cut solution is

used to update the estimated shape using the shape prior.

Fig. 2. Narrowband used in the method.

The complete algorithm then consists of the following

steps:

1. Identify an initial ellipse, either automatically or through

user interaction.

2. Form the shape mask M from the current ellipse.

3. Compute the mean intensities (ui, uo) of the pixels

inside and outside the mask.



4. Form the narrowband around the ellipse via dilation.

5. Set up the graph using the vertices in the narrowband.

Compute the energy using the image intensity, the

mean intensities (ui, uo), and the shape mask.

6. Compute the minimum cut of the graph.

7. Fit an ellipse to the points on the minimum cut. Dis-

play ellipse.

8. Go back to step 2 until convergence.

3. EXPERIMENTAL RESULTS

We used our algorithm to segment a blood vessel from a

pelvic magnetic resonance (MR) image, shown in Figure 3.

In part (a), a user initializes the segmentation by clicking on

the image to generate a seed point, around which we fit a

small circle. We evolve the ellipse using our approach; an

intermediate result after 7 iterations is shown in (b), and

the final converged result after 20 iterations is shown in

(c). The segmentation completes in less than one second

on a machine with a Pentium 4 2.66 GHz processor. The

shape prior constrains the solution to an elliptical region,

and the method is able to accurately segment the blood ves-

sel, even though another blood vessel with a similar in-

tensity is nearby. For comparison, we executed a graph

cut algorithm without a shape prior, shown in (d). With-

out the shape prior the segmentation leaks through nearby

dark structures and produces an undesirable result. Figure 4

shows the segmentation of lymph nodes. The rightmost im-

age of the figure is particularly challenging since the lymph

node is adjacent to a blood vessel.

As a non-medical example, in Figure 5 we segment a hu-

man face. A person was photographed in a controlled room

with a dark background. We initialize the segmentation au-

tomatically by placing a small circle around the brightest

part of the image. For these images, this occurs where there

are specular highlights on the subject’s forehead. We then

run our segmentation algorithm on the luminance of the im-

age. The results are shown for three face poses in Figure 5.

While more sophisticated face segmentation and tracking

methods exist, for example those that consider skin tone, fa-

cial features, temporal coherence, physical motion models,

etc., this example demonstrates the ability of our technique

to segment challenging data using a simple intensity model

and a shape prior. Improved results could be obtained by

considering more domain-specific knowledge.

A more in-depth analysis and validation of the method

is ongoing, however, current results show that the use of

a shape prior in a graph-cuts segmentation algorithm has

much promise, particularly in its application to detection of

vessels and lymph nodes from pelvic MR images.

4. CONCLUSION

This paper presented a method to incorporate a shape prior

into a graph cuts segmentation. We described our approach

and experimentally demonstrated its usefulness.

While we consider elliptical shape priors, it should be

possible to extend the method to other parametric shapes or

shape spaces formed from statistical shape training. This is

left for future work. In addition, we are interested in includ-

ing other region and boundary-based image terms to further

assist in the segmentation. Finally, we plan on implement-

ing the approach in 3D using ellipsoids to segment volume

data.
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