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Multiphase Image Segmentation Method Using Phase Transition and Likelihood
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Abstract The Sine-Sinc model is a novel approach to multiphase image segmentation built upon
the celebrated Modica-Mortola phase transition theory in material science. This model assumes
the image to be piecewise constant. In this paper, the improved model, namely the Sine-Exp-
Gauss model is proposed through replacing the Sinc function by the exponential function and ex-
tending the model to Gaussian-distribution-like image. Since the Sine-Exp-Gauss model is neither
quadratic nor convex, for computation the implementation of the proposed model still adopts the
convex-concave procedure (CCCP) that has been developed in the literatures of both computation-
al nonlinear PDEs and neural computation based. Moreover, we choose normalization information
of the original image as an initialization of the iterations so that it helps converge to the “true seg-
mentation”. Experiments on both synthetic and real images are presented. Comparisons are car-
ried out between the Sine-Exp-Gauss model and the Sine-Sinc model, as well as the bias-correc-
tion model. Experimental results demonstrate that the Sine- Exp-Gauss model is more robust in

both denoising and bias-correction.
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Background

The problem of multiphase image segmentation in image
processing and computer vision is a very challenging topic
which has received wide attention in recent years. Since the
great success of level-set method in two-phase image segmen-
tation for Mumford-Shah type model, different kinds of level-
set based methods have been extended for multiphase image
segmentation using an objective functional. Recently, a novel
Sine-Sinc model, which can also be thought to be a variant of
the Mumford-Shah model, is developed for multiphase seg-
mentation based upon the celebrated Modica-Mortola phase
transition theory in material sciences using a signature func-
tion.

Both of the aforesaid models have some shortcomings.
For example, both models assume the image to be piecewise
constant. This hypothesis cannot deal with the situation
where objects and background don’ t behavior as intensity
constant but show some distribution property. Compared
with the level-set method, the Sine-Sinc model outputs a sin-
gle multiphase distribution from which all the phases can be
found directly, while level-set based methods must find the
boundary first by solving a level-set based PDE equation.
With the theory of I'-convergence and the convex-concave
procedure (CCCP), the iteration scheme of Sine-Sinc model
can guarantee to converge to a local minimum. But the model
cannot guarantee the iteration to converge to an expected seg-
mentation. Especially, the Sine-Sinc model is not robust

when the illumination of image is inhomogeneous.
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This paper gives an improved model of Sine-Sinc model
based on the framework of -convergence, celebrated phase
transition theory and likelihood. The new developed model
extends its application from piecewise constant images to
Gaussian-distribution-like images. The Sinc function in the o-
riginal model is replaced by the exponential function. Since
the objective functional is nonlinear and non-convex, it usual-
ly finds a local minimum. By choosing the initialization of the
signature function based on the original image, the iteration
will converge to an ideal segmentation.

The multiphase image segmentation is a part of multi-
objects tracking under multi-cameras, increment information
acquisition method based on Deep Web and the construct of a
large-scale knowledge base of Deep Web project that are sup-
ported by the National Science Foundation of China, multi-
objects recognition based on multisource information fusion
project that is supported by the Provincial Science Foundation
of Jiangsu and so on. The purpose of these projects is to de-
velop a comprehensive automatic multi-object detection,
tracking and recognition for intelligent Surveillance. This pa-
per focuses on developing multiphase image segmentation
model for extracting the foreground of image or video with
noise and uneven illumination.

These projects have been studied three years in our re-

search group, and about ten papers on these topics have been

published.



