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Abstract

Active contours and active shape models have been widely employed in bio-
medical image segmentation. However, their performance can be significantly
decreased by two major reasons. 1) The image exhibit sophisticated spatial color
patterns. 2) There is occlusion between interested objects of the image. We pro-
posed a novel stochastic reshapable contour model to overcome these limitations
of classic active contours. The cost functional of the proposed model comprised
of three terms including the prior shape and regional texture information as well
as the gradient information. The suggested model has the following practical
advantages: 1) ability to be tuned and applied to wide range of bio-medical
images; 2) robustness to occlusion and clutter; 3) ability to segment multiple
objects of interest in the same image. Experimentation was carried out using a
heterogeneous histology image data set which contains 462 manually-segmented
cells. The segmentation performance of the proposed model is compared with
manually segmented ground truth. The assessments demonstrate consistent and
generally acceptable segmentation performance of the model.

1 Introduction

Automated image segmentation, which aims at automated extraction of object bound-
ary features, plays a fundamental role in understanding image content for searching
and mining in medical image archives. Active contour models are widely used in medi-
cal image segmentation [1], [2]. These models are curves or surfaces that deform under
the influence of internal (shape) smoothness and external image forces to delineate ob-
ject boundary. The model evolution is usually driven by a global energy minimization
process, where the internal and external energies (corresponding to the smoothness
and image forces) are integrated into a model total energy, and the optimal model
configuration is the one with the minimum total energy.

Active contour segmentation schemes can be divided into two categories: region-
based and boundary-based. Inspired from their traditional forms, most of the current
active contour methods are edge-based [3], [4]. This property make them very sensitive
to noise and initialization. Therefore, when initialized far away from object boundary
an edge-based model can be trapped in local energy minima caused by spurious edges
and/or high noise. Region-based approaches rely on statistics obtained from the en-
tire region; color or textural attributes being often employed to detect the object [5].
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However, these models typically require far more computations and like the boundary-
based approaches are limited in their ability to deal with object occlusions and scene
clutter.

In this paper, we proposed a novel stochastic reshapable contour model to overcome
mentioned limitations of classic active contours. The proposed model is a customized
implementation of active contours and cloud be considered as an alternative solution
to them. The model incorporates regional texture, shape and gradient information in
its energy functional. It supports automatic initialization and enables segmentation of
multiple objects simultaneously in the same image scene.

2 Stochastic Reshapable Contour

To accomplish segmentation of cell nuclei in microscopic images, stochastic reshapable
contour is proposed. It is a customized implementation of region-, shape-, gradient
based active contours. Let Ω be a bounded open subset of R2, with BΩ as its boundary.
Let I : Ω̄ Ñ R be a given image. Denote by CpSq : r0, 1s Ñ R2 a parameterized curve.
The generic energy functional for active contour model [5], is expressed as:

EpCq “ α

ż 1

0

|C 1
psq|

2
ds` β

ż 1

0

|C2
psq|

2
ds´ λ

ż 1

0

|∇IpCpsqq|2 ds, (1)

where, α, β and λ are positive parameters. The first two terms control the rigidity and
elasticity of the contour and represent the internal energy of the active contour. The
third term represents external energy which attracts the model to the target objects
in the image I.

In the classical form of its implementation, active contour model is forced to move
on locations of maxima |∇I| under limitations provided by first two terms by min-
imizing the energy in Eq.1. The basic idea behind proposed approach is to change
the behavior of the active contour and make it adaptable to wide range of bio-medical
images including heterogeneous histology ones. Therefore, instead active contour’s en-
ergy functional, we propose a cost function which consisted of two components and it
is defined as:

F “ F1 ` F2, (2)

where, the first component, i.e. F1, represents the internal force of proposed cost
function and it is responsible to preserve the integrity of the contour. This function
preserves integrity of contour while shrinkage and expanding actions. Inside 3 ˆ 3
neighborhood window of any contour point, the function changes one or two body
points to border points such that the continuity of border points has been preserved.
It is defined as :

F1 “

#

0, if contour is continuous,

8, if contour is discontinuous .
(3)

The second component of the cost function is defined as follows:

F2 “ γ 4 Vtexture ` η∆Vshape ´ ι∇IpCq, (4)
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where, γ , η and ι are weighting coefficients. Having ū, v̄ P Rn as normalized texture
feature vectors of ω (i.e. area bordered by contour) and its prototype (i.e. the most
similar training item ) respectively, ∆Vtexture is the city block distance between u and
v at any iteration step. Similarly, having χ, ν as shape feature vectors of counter (C)
and its prototype respectively and χ̄, ν̄ as their normalized forms, ∆Vshape represents
the city block distance between χ̄ and ν̄ at any iteration step in the reshaping pro-
cess and final term ∇IpCq represents the gradient of contour at any reshaping step.
The reshaping algorithm which is detailed in Algorithm.1 changes the shape of the
contour repeatedly. It supposes extracting shape and texture features of contour in
every reshaping step. Taking into account the requirements of reasonable computa-
tional complexity, following simple shape features were utilized in proposed method to
describe the shape of the contour in every reshaping step: perimeter , area , roundness
and eccentricity.

Stochastic Contour reshaping process is described in algorithm 1. Two major com-
ponents of reshaping algorithm are Shrink and Expand actions. According to reshaping
algorithm a trial random shrinkage or expansion of contour will be accepted if the value
of cost function F of Eq.2 in each step becomes less than its value in the previous step.
Otherwise the effect made by shrinkage or expansion actions on the contour will be
rolled back.

Algorithm 1 : contour reshaping
Input: list of contour and body points of initialized contour: C,ω.
Output: New C Y ω fitting region of interest .

1 : Vtex, Vshape ð compute texture and shape features of C Y ω
2 : Indexmin, Costmin ð Find a prototype to the current contour( Vtex, Vshape)
repeat

3 : Ct, ωt ð Shrink( C,ω )
4 : Costt ð compute cost of shrinking (Ct, ωt, Indexmin)
if Costt ă Costmin then

5 : Costmin ð Costt, C,ω ð Ct, ωt

end if
6: do steps 3 to 5 similarly for Expand( C,ω ) function
until a similarity/iteration threshold

3 Results

Experiments was carried out on a heterogeneous histology image data set including 462
manually segmented cells. Initialization of reshapable contours was carried out through
an automated detection process. Lets Ai, Af be the binary images generated by the
proposed method in the initialization (before reshaping) and final steps of segmenta-
tion (after reshaping) respectively and M be the binary images of manually segmented
target objects(ground truth). Fig.1.(a) illustrates an instances of M and Fig.1.(b),(c)
illustrates colored version instances of Ai, Af respectively. The similarity index mea-
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sures the percentage of the overlapping ratio between the two shapes A (automatic)
and M (manual). It is defined as:

SI “ 2 ˚
AXM

|A| ` |M |
, (5)

The similarity index of Ai and M is 0.63 which is significantly increased to 0.73
after applying reshaping algorithm to the initial contours (similarity index of Af and
M). The acceptable segmentation results confirm that proposed approach could be
adapted to wide range of microscopy images. Further more the prototype software
developed based on model cloud be embedded in practical software packages aimed to
bio-medical image segmentation.

(a) (b) (c)

Figure 1: Segmentation of an example image. (a) ground truth, (b) contours initialization,
(c) final segmentation result of stochastic reshapable contours
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