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Abstract

Image segmentation combining boundary and re-
gion information has been the subject of numerous re-
search works in the past. This combination is usu-
ally subject to arbitrary weighting parameters (hyper-
parameters) that control the contribution of boundary
and region features during segmentation. In this work,
we investigate a new approach for estimating the hyper-
parameters adaptively to segmentation. The approach
takes its roots from the physical properties of the energy
functional controlling segmentation and a Bayesian for-
mulation of segmentation and hyper-parameters esti-
mation.

1. Introduction

Image segmentation is one of the most studied top-
ics in computer vision and still the focus of many re-
cent works. To enforce the precision and robustness of
segmentation, several works in the past investigated the
combination of boundary and region information in the
segmentation [5, 7]. These approaches take advantage
of the complementary information provided by bound-
ary and region features to build homogeneous regions
whose boundaries lie on strong discontinuities of the
image. Quite often, the combination of boundary and
region information in those approaches is a weighted
sum of two objective functions, each of which achiev-
ing a segmentation by optimizing a criterion based on
either region or boundary information [3, 5]. In this
field, variational models have been used for their con-
sistent and natural way of formulating segmentation by
energy minimization. The final solution for segmenta-
tion is achieved by minimizing energy functionals with
respect to the region contours, via the resolution of par-
tial differential equations (PDEs) [3, 8]. It remains that
the combination of boundary and region information in
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those functionals is formulated as an arbitrary weight-
ing sum, where the weights are fixed in advance by the
user. The influence of this on segmentation quality and
convergence has not been shown so far.

In this work, we propose an automatic estimation
of the hyper-parameters for a segmentation combining
boundary and region information. We suppose the im-
age is composed of a fixed, but arbitrary number of re-
gions. The region information is formulated using a
mixture of Gaussians, whose parameters are calculated
adaptively to segmentation. Boundary information is
formulated using a multi-band edge detector. We show
on various examples that the approach speeds up con-
vergence of segmentation while enhancing its robust-
ness to shadowing and illumination changes. This paper
is organized as follows: Section 2 presents the problem
of fixed hyper-parameters in segmentation. Section 3
gives a formulation of the proposed model. Section 4
presents some experiments for our model validation.

2. Problem statement

Let U = (uy,...,u,) be a multi-valued image de-
fined on the domain Q@ = Z1* x ZT; where Z1 is
the set of positive integers and n > 1. We use the
notation €2, and 0%, to designate, respectively, a re-
gion and its boundaries. The segmentation aims to
build a partition of the image composed of M regions
P ={Q,...,Qn}, where Ui\il Q. = Q. Variational
segmentation combining boundary and region informa-
tion has been formulated in several research works [3, 8]
by minimizing the following functional:

M
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images (from the Berkeley dataset') composed of mul-
tiple regions. Fig. 3 shows six examples of segmen-
tations obtained using fixed and dynamic values of «
and (3, respectively. For the examples with fixed hyper-
parameters, we set o = $ = 0.5. For dynamic hyper-
parameters, we use a neighborhood W (x) of size 9 x 9
pixels. For each tested image, we set the number of re-
gions and initialized manually the contours. For each
region, we deform its contour from the initial state un-
til convergence, using the previous algorithm. The final
partition of the image is defined by the union of all the
contours, plus the region formed by pixels that do not
belong to any inside of contour. Finally, since the seg-
mentation is completely data-driven, we avoid overlap-
ping between contours by stopping the evolution of the
latter at contacting contour pixels.

() (b) ()

Figure 3. Examples of image segmenta-
tion: (a) represents the original image
with the initialization, (b) and (c) represent
segmentations obtained using fixed and
dynamic hyper-parameters, respectively.

We can see in Fig. 3 that dynamic hyper-parameters

image | fixed a, § | dynamic o, 8 | gain (%)
1 5.3 4.1 22
2 4.6 32 30
3 6.2 4.6 25
4 4.1 3.1 24
5 35 2.4 31
6 52 33 36

Table 1. Values of time (in seconds) taken
to perform the segmentations in Fig. (3).

diminished considerably poor boundary localization
caused by self-shadowing or objets specularity. By hav-
ing fixed hyper-parameters, the contour was stopped by
weak edges due to the these phenomena. Furthermore,
as shown in Tab. 1, convergence of the contours has
been enhanced by having dynamic hyper-parameters,
since giving priority to one of the information permits
to speed up energy minimization and, therefore, contour
motion.

5. Conclusions

In this work, we proposed a principled framework
for automatic estimation of hyper-parameters weight-
ing boundary and region information in segmentation.
We demonstrated that this approach gives better conver-
gence for segmentation, as well as robustness to over-
segmentation due to specularities and shadowing.

References

[1] C. Bishops. Neural Networks for Pattern Recognition.
Clarendon Press, Oxford, 1995.

[2] V. Caselles, R. Kimmel, and G. Shapiro. A fast level set
method for propagating surfaces. IJCV, 22:61-79, 1997.

[3] A. Chakraborty and J. Duncan. Game-theoretic integra-
tion for image segmentation. /[EEE PAMI, 21(1):12-30,
1999.

[4] C.Drewniok. Multispectral edge detection: Some experi-
ments on data from landsat-tm. IJRS, 15(18):3743-3765,
1994.

[5] J. Freixenet, X. Munoz, D. Raba, J. Marti, and X. Cuffi.
Yet another survey on image segmentation: Region and
boundary information integration. ECCYV, pages 408—
422,2002.

[6] M. Heath. Scientific Computing. McGraw-Hil, 2002.

[7] X.Munoz, J. Freixenet, X. Cufi, and J. Marti. Strategies
for image segmentation combining region and boundary
information. Patt. Recogn. Lett., 24(1-3):408—422, 2003.

[8] N. Paragios and R. Deriche. Unifying boundary and
region-based information for geodesic active tracking.
IEEE CVPR, 2:300-305, 1999.

Thttp://www.eecs.berkeley.edu/Research/Projects/CS/vision/grouping/segbench/



